
Contents lists available at ScienceDirect

Pattern Recognition

journal homepage: www.elsevier.com/locate/pr

Multi-modal multiple kernel learning for accurate identification of Tourette
syndrome children

Hongwei Wena,b,c,1, Yue Liue,1, Islem Rekikg, Shengpei Wanga,b,c, Zhiqiang Chena,b,c,
Jishui Zhangf, Yue Zhange, Yun Penge,⁎, Huiguang Hea,b,c,d,⁎⁎

a State Key Laboratory of Management and Control for Complex Systems, Institute of Automation, Chinese Academy of Sciences, Beijing, China
b Research Center for Brain-inspired Intelligence, Institute of Automation, Chinese Academy of Sciences, Beijing, China
c University of Chinese Academy of Sciences, Beijing, China
d Center for Excellence in Brain Science and Intelligence Technology, Chinese Academy of Sciences, Beijing, China
e Department of Radiology, Beijing Children's Hospital, Capital Medical University, Beijing, China
f Department of Neurology, Beijing Children's Hospital, Capital Medical University, Beijing, China
g Department of Radiology and BRIC, University of North Carolina at Chapel Hill, NC, USA

A R T I C L E I N F O

Keywords:
Tourette syndrome
DTI
TBSS
SVM
MKL

A B S T R A C T

Tourette syndrome (TS) is a childhood-onset neurobehavioral disorder characterized by the presence of
multiple motor and vocal tics. To date, TS diagnosis remains somewhat limited and studies using advanced
diagnostic methods are of great importance. In this paper, we introduce an automatic classification framework
for accurate identification of TS children based on multi-modal and multi-type features, which is robust and
easy to implement. We present in detail the feature extraction, feature selection, and classifier training methods.
In addition, in order to exploit complementary information revealed by different feature modalities, we
integrate multi-modal image features using multiple kernel learning (MKL). The performance of our framework
has been validated in classifying 44 TS children and 48 age- and gender-matched healthy children. When
combining features using MKL, the classification accuracy reached 94.24% using nested cross-validation. Most
discriminative brain regions were mostly located in the cortico-basal ganglia, frontal cortico-cortical circuits,
which are thought to be highly related to TS pathology. These results show that our method is reliable for early
TS diagnosis, and promising for prognosis and treatment outcome.

1. Introduction

Tourette syndrome (TS) is a common, chronic neuropsychiatric
disorder characterized by the presence of multiple motor and vocal tics.
The typical age of onset ranges from 5 to 7 years of age, and the
majority of children improve by their late teens or early adulthood [1].
TS is frequently concomitant with obsessive-compulsive disorder
(OCD), attention-deficit-hyperactivity disorder (ADHD) and other
social and behavioral disturbances [2]. It is also typically diagnosed
by observing symptoms and by evaluating the history of their onset. So
far, only clinical measures have been developed to diagnose TS, while
overlooking the informative power of brain morphological features.
Doctors mostly need to carry out additional examination to eliminate
other etiological conditions [1]. While tics constitute the major

diagnostic symptom, TS is quite heterogeneous and has a long-term
prognosis that is difficult to accurately estimate. To date, TS diagnosis
remains somewhat limited and studies using advanced diagnostic
methods are still lacking.

With the progress of neuroimaging, many studies focused on
identifying brain alterations associated with TS patients, which can
potentially be used as a biomarker of TS pathophysiologic pattern.
Accumulated evidence showed that both brain functional and structur-
al changes are associated with TS. In particular, the dysfunction of the
cortico-striatal-thalamo-cortical (CSTC) circuits was implicated in the
pathophysiology of TS [3–7]. However, these findings are mainly
obtained based on group-level statistical comparison, and thus are of
limited value for individual-based disease diagnosis. To overcome this
limitation, machine-learning techniques have been used in recent
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years, and have shown great potential in neuroimaging studies. Unlike
group-based comparison approaches, machine-learning techniques are
able to detect the fine-grained spatial discriminative patterns, which
are critical for individual-based disease diagnosis.

Notably, these advanced methods have been applied to a range of
MRI modalities in an effort to automate the diagnosis of different
diseases such as autism spectrum disorder and mild cognitive impair-
ment [8–10]. However, these studies were only based on one imaging
modality, i.e., mostly on the structural MRI or DTI. Moreover, as
indicated in the previous study [11], different biomarkers may provide
complementary information. Therefore combining multi-modal fea-
tures, instead of depending on one is a promising direction for
improving classification accuracy. Intuitively, one can combine multi-
ple results from different classifiers using a voting technique. Dai et al.
[12] proposed a multi-classifier fusion model through weighted voting,
using maximum uncertainty linear discriminant analysis (MLDA) as
base classifiers, to distinguish Alzheimer's Disease (AD) patients from
healthy controls. Moreover, combining several features into one single
vector and then training a classifier can also be a practical option.
Martin Dyrba et al. [13] used the same method to combine DTI and
MRI features for the automated AD detection. In addition to the
aforementioned fusion approaches, some novel methods were based on
multi-task learning and multiple kernel learning (MKL) approaches.
Zhang et al. [14] proposed a generic Multi-Modal Multi-Task (M3T)
learning, to jointly predict multiple variables which can be used for
classification, and the method was validated on multi-modal MRI in
ADNI dataset, achieving better performance for classification tasks
than various conventional learning methods. Dai et al. [15] developed a
method that integrated multi-modal image features using MKL and
achieved an excellent ranking in the ADHD-200 global competition,
which is a world-wide classification contest on the ADHD-200 datasets.
Although so many efforts have been recently made to investigate the
potential of combining neuroimaging and machine-learning techniques
for diagnostic purposes, few study was related to TS [16].

In our study, we aimed to take a critical step toward this goal and
predict subject-specific TS diagnosis using structure MRI (sMRI) and
DTI. Information from structural T1-weighted magnetic resonance
imaging (MRI) can be used to evaluate the volume and density of
cerebral white matter (WM) tissue and gray matter (GM) structures in
order to find disease-related atrophy. Diffusion tensor imaging (DTI)
can be used to assess the integrity of cerebral WM fiber tracts and,
hence, can support the diagnosis of TS. From DTI, we can derive scalar
indices of anisotropic diffusion, with the most widely used being the
four metrics: fractional anisotropy (FA), reflecting the degree of
directionality within the fiber tracts; radial diffusivity (RD), expression
of diffusivity perpendicular to the fibers; axial diffusivity (AD), expres-
sion of diffusivity parallel to the fibers; and mean diffusivity (MD),
representing the free water diffusion. Reduced FA [17,18] or increased
RD [19,20] indicate impaired WM fiber tract integrity. Higher MD
values generally indicate tissue damage, whereas changes in AD values
have been hypothesized to differentiate respectively axonal injury from
demyelination in WM tracts [21]. Specifically, analyzing the volumetric
T1 scans and diffusion tensor imaging (DTI) of TS patients, using
voxel-wise methods, such as voxel-based morphometry (VBM) [22] and
tract-based spatial statistics (TBSS) [23], can better delineate the
changes occurring in the GM and WM, respectively [24]. While VBM
analysis is able to demonstrate regional GM atrophy, DTI is sensitive to
microscopic changes in white matter (WM) integrity, which is not
always detectable with standard sMRI [25]. So we only used VBM
method with sMRI to extract GM volume features. Meanwhile, we used
TBSS method with DTI to extract the FA, MD, AD and RD values as
features.

Based on this work, the present study aims at combining sMRI data
with DTI data in order to improve TS detection accuracy. We
conducted extensive experiments on the selection of features, which
were extracted from sMRI and DTI, as well as the combination of

multi-modal features using the multiple kernel SVM (MK-SVM) [26].
Furthermore, we also identified the key discriminative brain regions for
classification, which may be potential biomarkers for TS diagnosis and
help reveal the pathological mechanism of TS.

2. Materials and methods

2.1. Subjects

TS patients were recruited from outpatient clinics in Beijing
Children's Hospital from July 2012 to May 2015 (age: 8.98 ± 3.114
years, range: 3–16 years; 11 female). All patients met DSM-IV-TR
(Diagnostic and Statistical Manual of Mental Disorders, 4th Edition,
text revision) criteria for TS. We also included 48 age and gender
matched health controls in our study (age: 11.00 ± 3.495 years; range:
3–17 years; 17 female). We used a clinical interview and the Children's
Yale-Brown Obsessive Compulsive Scale (CY-BOCS) [27] to diagnose
OCD and used the German short version of Wender Utah rating scale
(WURS-k, translated to Chinese) [28] to diagnose ADHD. Patients
fulfilling OCD criteria or other co-morbidities were excluded in the
study. Tic severity for all patients was rated using the Yale Global Tic
Severity Scale (YGTSS) [29] and ranged from 10 to 79 ([mean ± SD]:
46.50 ± 18.037). The duration of TS ranged from 3 months to 5 years
([mean ± SD]: 1.81 ± 1.423 years). For those who had course less than
1 year, TS diagnosis was made by follow-up call. After the study was
approved by Beijing Children's Hospital review board, written in-
formed consent was obtained from all the parents/guardians according
to the Declaration of Helsinki. Details of the patients are shown
Table 1.

2.2. Data acquisition

Magnetic resonance imaging was acquired using a 3.0 T MR
scanner (Gyroscan Interna Nova, Philips, Netherland). Head position-
ing was standardized using canthomeatal landmarks. The head was
stabilized with foam pads to minimize head movements. Patients were
instructed to suppress tics and minimize head movements during
scanning as much as possible. Axial three-dimensional diffusion tensor
imaging (DTI) was acquired from all the subjects. DTI was performed
using the following protocol: spin-echo diffusion-weighted echo-planar
imaging sequence, 2 mm slice thickness, no inter-slice gap, repetition
time=4300 ms, echo time=95 ms, field of view (FOV)=255×255 mm,
reconstructed image matrix=336×336. Diffusion MRI images were
obtained from 30 non-collinear directions with a b value of 1000 s/
mm2. 3D T1-weighted imaging were performed with axial three-
dimensional-Fast Field Echo (3D FFE) sequence with the following
parameters: repetition time (TR) =25 ms, echo time (TE)=4.6 ms, flip
angle=30°, reconstructed image matrix=256×256, field of view (FOV)
=200×200 mm, slice thickness =1 mm.

2.3. Overview of our method

The overview of our proposed classification pipeline is illustrated in
Fig. 1. From the preprocessed DTI and structural MRI images, we first
extracted the respective regional features. Further, a hybrid feature
selection method which combines filter-based and wrapper-based
methods was applied to select relevant features in each modality.
Based on the selected features, a kernel matrix was constructed for
each modality. Then, we fused the kernel individual matrices from each
modality for SVM-based classification.

2.4. Data preprocessing

2.4.1. Structural MRI
2.4.1.1. Preprocessing using VBM-DARTEL. After the data
acquisition, T1-weighted structural images were analyzed using
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SPM8 package (Statistical Parametric Mapping, Wellcome Department
of Imaging Neuroscience, London, UK, http://www.fil.ion.ucl.ac.uk/
spm) and the VBM protocol with modulation. We implemented the
Diffeomorphic Anatomical Registration Through Exponentiated Lie
algebra (DARTEL) algorithm [30]. All the T1-weighted images were
brain extracted to exclude the non-brain tissues and reoriented with
the origin set close to the anterior commissure (AC). Then each
reorientated image was segmented into GM, WM and CSF in native
space using ‘New Segment’ SPM tool, and aligned GM and WM images
were generated using a rigid transformation. The study-specific GM/
WM templates were then created using the aligned images from all the

patients and controls using ‘Run DARTEL (Create Template)’ SPM
tool. The procedure begins with the averaging of aligned data to
generate an original template. Then, in the first step, for each
subject, we warped their images to the estimated template. In the
second step, using the warped images, we updated the template. These
steps were iterated six times to obtain the final refined template, which
was the average of the DARTEL registered data. During the template
creation processing, all aligned images were warped to the template
yielding a series of flow fields which parameterized the deformation in
order to use in modulation to preserve actual GM and WM volume.
Finally, transforming all the normalized, modulated data into MNI

Table 1
Demographic variables and clinical characteristics of patients. Abbreviations: +=present, −=absent; YGTSS=Yale Global Tic Severity Scale; M=male; F=female.

ID Sex Age (y) YGTSS Duration ADHD OCD Motor tics Vocal tics

Simple Complex Simple Complex

1 M 5 36 0.17 No No + + – –

2 F 11 52 4 No No + + + –

3 M 14 65 1.5 Yes No + + + +
4 M 6 23 0.25 Yes No + + – –

5 M 10 80 2 Yes No + + + –

6 M 7 50 0.67 No No + + – –

7 M 8 44 2 No No + + + –

8 M 11 30 2 Yes No + + – –

9 M 10 24 4 No No + + – –

10 M 11 25 1 No No + + – –

11 F 5 52 0.25 Yes No + + + –

12 M 11 30 1.2 No No + + – –

13 M 9 62 2.5 No No + + + –

14 F 6 59 1 No No + + + –

15 F 9 36 5.5 No No + + – –

16 M 9 85 2 No No + + + –

17 F 8 10 0.625 No No + + – –

18 M 12 57 1 No No + + + –

19 M 3 38 0.17 No No + + + –

20 M 9 75 2 No No + + + –

21 M 4 58 1 No No + + + –

22 M 5 61 0.083 No No + + + –

23 F 8 42 3 No No + + + –

24 F 6 84 0.375 No No + + + –

25 M 10 30 3 No No + + + –

26 M 6 52 0.17 No No + + + –

27 M 12 79 6 No No + + + +
28 F 14 75 3 No No + + – –

29 M 12 51 2 No No + + + –

30 M 11 24 1 No No + + – –

31 M 9 55 1.75 No No + + + –

32 F 8 44 2 No No + + – –

33 M 7 77 0.375 No No + + + –

34 F 13 76 1.5 No No + + + –

35 M 4 35 0.42 Yes No + + – –

36 M 9 35 1 No No + + + –

37 M 8 67 0.25 No No + + + –

38 M 11 32 0.917 No No + + – –

39 M 9 38 2 No No + + – –

40 M 7 59 2.3 No No + + + –

41 M 6 42 2.5 Yes No + + + –

42 F 4 66 0.25 No No + + + –

43 M 16 79 3.5 No No + + + –

44 M 13 59 4 No No + + – –

Fig. 1. Schematic diagram illustrating the proposed classification framework.
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space and smoothing all the images with an 8-mm FWHM isotropic
Gaussian kernel were accomplished using ‘Normalize to MNI Space’
SPM tool. After the preprocessing, we obtained smoothed modulated
normalized data (in the MNI space) to be used for the statistical
analysis.

2.4.1.2. Feature extraction using atlas-based parcellation. We
performed atlas-based parcellation to extract feature vectors from the
segmented, normalized MR images using an anatomically labeled brain
atlases: the AAL atlas. The AAL atlas is a single-subject atlas based on
the Montreal Neurological Institute (MNI) Colin27 T1 atlas. This MNI
single-subject brain template was obtained from 27 high-resolution T1-
weighted scans of a young male. Each acquisition was spatially
normalized to the MNI305 average template using a linear nine-
parameter transformation [31]. In each hemisphere, 45 ROIs were
manually drawn every 2 mm on the axial slices of the MNI single-
subject brain. In addition, AAL includes a cerebellar parcellation with
26 ROIs [32]. Finally, 116 ROIs were defined, including the cerebellum
for the AAL atlas.

We obtained the mean GM probability (density) for each ROI, as
calculated by modulation with the Jacobian, which we used as a feature
vector.

2.4.2. Diffusion tensor imaging

2.4.2.1. Preprocessing using TBSS. Following DTI acquisition, we
used the FMRIB's Diffusion Toolbox (FDT2.0) within FSL v4.1
(http://www.fmrib.ox.ac.uk/fsl) for DTI processing. For each
participant, 30 DTI volumes with 1000 s/mm2 b-value were first
affinely registered to the b0 volume for correction of eddy current
distortion and simple head motion. Non-brain voxels were removed
using Brain Extraction Tool (BET) of FSL; a fractional intensity
threshold of 0.25 was selected, resulting in a brain-extracted 4D
image and a binary brain mask for each subject. We then used the
eddy-corrected 4D data and corresponding brain mask to fit the
diffusion tensor model at each voxel by using the FDT. Eigenvalues
of diffusion tensor matrix (λ1, λ2, λ3) were obtained and maps of axial
diffusivity (AD=λ1), mean diffusivity (MD=(λ1+λ2+λ3)/3), and
fractional anisotropy (FA) were generated. Radial diffusivity
(perpendicular eigenvalue, λ23=(λ2+λ3)/2) was calculated by
averaging λ2 and λ3 maps.

The Most-Representative-Subject TBSS (RS-TBSS) procedure [33]
was then applied to the data, which is recommended if the subjects are
all young children. FA images from each participant were co-registered
to one another using both linear (FLIRT) and nonlinear registration
(FNIRT) provided by FSL. Next, we select the subject that has the
minimum mean deformation for non-linearly aligning it to all subjects
as the “most representative” one, and then used it as the target image.
This target image is then affine-aligned into MNI152 standard space,
and every image is transformed into 1×1×1 mm MNI152 space by
combining the nonlinear transform to the target FA image using the
affine transform from that target to MNI152 space. The resulting
standard-space FA images for each participant were averaged to create
a mean FA image, which was then fed into an FA skeletonization
program to create a skeleton image of WM tracts; a threshold of 0.2
was selected to define the border of white and gray matter. Then, each
participant's local maximal FA intensity along the perpendicular
direction of the WM tract was projected to the mean FA skeleton to
carry out the voxel-wise statistics across participants. Finally, the non-
linear warps and the skeleton projection achieved with FA images were
applied to the MD, AD and RDmaps to bring them into standard space.
In standard TBSS analysis, data were then fed into voxel-wise statistics
with group comparisons. The permutation tool “randomize” was used,
with 10,000 permutations and a significant threshold for between-
group differences of p < 0.05.

2.4.2.2. Feature extraction using atlas-based parcellation. We
performed atlas-based parcellation to extract feature vectors from the
FA, MD, AD and RD TBSS skeleton using the Johns Hopkins
University MNI template Type III White Matter Parcellation Map
(Type III WMPM) (Fig. 2). The white matter and gray matter ROIs
(118 areas) in the Type III WMPM was previously constructed by Oishi
et al., and the detailed definition of ROIs could be found in [34]. Each
ROI label was overlapped with the corresponding TBSS skeleton in the
MNI space to obtain the mean FA, MD, AD and RD values on the
skeleton within each ROI, which we used as a feature vector.

2.5. Feature selection

The dimensionality of the original ROI-based features extracted
from VBM and TBSS analysis is much higher than the number of
samples, which cannot be directly used to train a classifier considering
the overfitting problem and the computational complexity. Hence, we
employ a hybrid feature selection method which combines filter-based

Fig. 2. Schematic diagram of Tract-Based Spatial Statistics analysis and feature extraction using atlas-based parcellation in our work. We use FA map as an example, the same
projection achieved with FA images were applied to the MD, AD and RD maps.
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and wrapper-based methods [35].
For filter-based method, we used the ratios of between-group sum

of squares (BSS) to within-group sum of squares (WSS). The discrimi-
native power of a feature can be estimated using BSS and WSS. A
smaller WSS and a larger BSS usually mean that a feature is more
prone to be distinguished. Thus, the ratio of BSS to WSS is used to rank
features. Specifically, denoting fij as the value of the j-th feature of the
i-th sample and r as the group label (+1 or −1), the ranking score of the
j-th feature is defined as:

ratio
BSS
WSS

I y r f f

I y r f f
= =
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where frj is the mean value of the j-th feature across subjects in group r

and f.j is the mean value of the j-th feature across all n subjects; the
index function I(yi=r) equals 1 if the i-th subject belongs to group r and
equals 0 otherwise.

However, the aforementioned filter method computes the ranking
scores independently for each feature, which does not take into account
the relationship between features. So we employ a wrapper-based
method for feature subset selection utilizing SVM based on recursive
feature elimination, which is named SVM-RFE [36]. In this algorithm,
SVM is trained iteratively using selected feature subset. In each
iteration, the ranking score for each feature in the selected feature
subset is calculated during SVM training process. The feature with the
smallest score is eliminated in each iteration of SVM training until the
classification accuracy is over a set threshold, or the number of
remaining features in the selected subset is smaller than a set value.
Note that SVM-RFE uses the accuracy of cross-validation (CV) to
estimate the goodness of a feature subset, which may help avoid the
overfitting problem. Thus, we first use the ratio of BSS/WSS (threshold
of 0.05 in our study) to filter many features with little discriminative
power, and then use SVM-RFE for further refining feature selection.
This will ensure the selection of optimal feature subset at relatively low
computational cost.

2.6. Classification methods

Classification was then performed using SVM, which is a supervised
classification method that automatically learns a classification hyper-
plane in the features space by optimizing a margin-based criterion. Let
xi represent a feature vector of the i-th subject and yi∈{1, −1} denote
the corresponding class label. The primal optimization problem of the
traditional SVM is given as:

w c ξ
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ξ i n
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where ξi denotes non-negative slack variable which measures the
degree of misclassification of the data, c denotes the penalty parameter
which controls the amount of constraint violations introduced by ξi, b
denotes the bias term, w denotes the normal vector of hyperplane and ⋅
denotes the dot product.

We used an SVM with a radial basis function kernel to solve the
classification problem. Let x1, x2 denote the feature vectors, and RBF
kernel is defined as:

⎛
⎝⎜

⎞
⎠⎟K x x x x

σ
( , ) = exp − −

21 2
1 2

2

2 (3)

where σ is the width of the kernel. The hyper-parameters of SVM such
as the penalized coefficient c that adjusts the importance of the
separation error in the creation of the separation surface, and the
kernel width σ should be carefully tuned to obtain the optimal SVM
model.

In our framework, a nested 10-fold cross-validation strategy was
used to evaluate the classification performance. For outer CV, the data
is randomly divided into 10 parts in which each class is represented in
approximately the same proportions as in the full dataset. Each fold is
held out in turn and the learning scheme trained on the remaining
nine-tenths and the error rate is then calculated on the tenth fold.
Following 10 training procedures, we calculated the average CV
accuracy and considered it as the estimation of generalization [37].
We performed another ten-fold cross-validation on the training
samples, which is called inner CV. To estimate optimal values for c
and σ we used a grid search in the range of c=2−4, 2−3, ..., 24 and σ=2−8,
2−7, ..., 22.

This nested CV method can yield an unbiased assessment of the
classification method and prevent overestimation. Fig. 3 shows the flow
chart of the evaluation method we used for nested CV.

Specifically, this nested CV procedure was repeated twenty times to
avoid any bias introduced by randomly partitioning in the cross-
validation.

2.7. Multiple kernel SVM

In addition to using SVM as a classifier, we also employed multi-
kernel learning to integrate multi-modal features [26,38]. This method
allows using different types of kernels or datasets concurrently in one
single SVM instance, which works by simultaneously learning the
predictor parameters and the kernel combination weights. The multiple
kernels can come from different sources of feature spaces, thus
providing a general framework for data fusion. It was previously used
in successful applications to genomic data fusion, protein function
prediction etc. Rakotomamonjy et al. [39] proposed the SimpleMKL
algorithm, for solving the MKL problem through a weighted mixed-

Fig. 3. The flow chart of the nested CV classification method.
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norm regularization formulation with an additional constraint on the
weights that encourages sparse kernel combinations. More recently,
Vishwanathan et al. [40] proposed an SVM-based model to train p-
norm Multiple Kernel Learning (MKL) and a more general linear MKL
regularized by the Bregman divergence, using the Sequential Minimal
Optimization (SMO) algorithm. Their algorithm retains both simplicity
and efficiency and is significantly faster than state-of-the-art specia-
lized p-norm MKL solvers.

The MLK algorithm can automatically search the optimal combina-
tion of the kernel matrix of these features to form an integrated kernel
matrix (assigning weight to each kernel matrix), which outperforms the
use of single kernels. The output of MKL is defined as:

⎛
⎝
⎜⎜

⎞
⎠
⎟⎟∑ ∑y β λ y K x x b= ( , ) +i

k
k

j
j
k

k j
k

i
k

j
(4)

where k denotes the k-th kind of feature; yi denotes the corresponding
class label of i-th subject; Kk is the kernel matrix; βk is the sub-kernel
weight; λj

k is the Lagrange parameters; xj
k is the support vector of

training set; and xi
k is the feature vector of the i-th test sample.

Although MKL is theoretically better, it has more parameters to
tune, thus increasing the computational time for the training process.
Hence, in our case, to reduce the computational load, we skip the
feature selection and parameter tuning steps and directly use the same
optimal feature subset and SVM parameters determined earlier for
each single type of features. Our classification framework and valida-
tion experiments were implemented in Matlab using LIBSVM (v3.1.2,
www.csie.ntu.edu.tw/~cjlin/libsvm/) for the SVM classifier and
Shogun (v3.2.0, www.shogun-toolbox.org/) for the MKL framework.

2.8. Evaluation

For evaluation of results, we used accuracy, sensitivity, specificity,
accuracy and the area under the curve for the receiver operated
characteristic curve (AUC ROC). Accuracy is defined as (TP+TN)/(TP
+TN+FN+FP), sensitivity is defined as TP/(TP+FN) and specificity is
defined as TN/(FP+TN), where TP is the number of true positives
(number of patients correctly classified), TN is the number of true
negatives (number of NC correctly classified), FP is the number of false
positives (number of NC classified as patients), and FN is the number
of false negatives (number of patients classified as NC). Besides, the
area under ROC curve (AUC) denotes an evaluation measure derived
from receiver operating characteristic (ROC) curve. The ROC curve is a
graph evaluation method, which illustrates the performance of a binary
classifier as its decision threshold is varied. When the decision thresh-
old of a classifier varies, sensitivity and specificity also change. ROC
curve is created by plotting sensitivity and 1–specificity at different
thresholds. A larger AUC commonly indicates a better classifier.

3. Results

3.1. Classification results using a single feature

The SVM classifier is used, which classifies subjects into TS group
and healthy control groups. The nested 10-fold CV classification results
using a single feature are listed in Table 2, in which we compare the CV
accuracies between five single-feature based classifiers which used
ROI-based gray matter probability (GMP), ROI-based skeletonized FA,
MD, AD and RD value as training features.

The bold font indicates the best performance using a single feature.
The performance of MKL, which integrates all features, is listed in the
bottom. Clearly, it produced higher classification accuracy than the
methods using a single feature.

From the results listed in Fig. 4 and Table 2, we note that the
classification using RD as a single feature achieves the best accuracy,
sensitivity, specificity and the AUC. Fig. 5 shows the ROC curve of the

CV classification using different features.

3.2. Classification based on combining features

To integrate the above five kinds of features, an MKL classifier is
trained. When we combine all selected features, the accuracy reaches
94.24% using MKL-SVM method. This suggests that MKL that
integrates multi-modal features is a powerful classifier, although it is
more difficult to tune its hyper-parameters and is more time-consum-
ing. The classification results using MKL are also listed in Table 2 and
Fig. 4, and the ROC curve can be found in Fig. 5. We can see that the
ROC curve of MKL classifier is better than single-feature based
classifiers.

3.3. The most discriminative regions

In this subsection, we examine the most discriminative regions that
were selected by the proposed feature selection method. Since the
feature selection in each fold is performed only based on the training
set, the selected features could differ slightly across different cross-
validation folds. We thus define the most discriminative ROI-based
features as features that were most frequently selected in all cross-
validations. We summed the counts of each feature selected by our
proposed method over the 20 rounds nested 10-fold CV. The top 22
selected features with a frequency exceeding 50% were provided in
Table 2. The features of sMRI and DTI in the top 22 were shown in
Figs. 6 and 7, respectively.

We also used two-sample t-test to evaluate the variation trend of
features in the selected regions and whether each feature was sig-
nificantly different in TS group compared to control group. In terms of
DTI parameters, TS children showed significant decreased FA, sig-
nificant increased RD and MD in all regions (see Table 3) compared to
healthy controls. AD was significantly different in these regions
between groups, but the variation trends were not consistent. As we
can see, all variation trends of DTI parameters were consistent with
previous studies as the introduction section mentioned. For gray
matter probability (GMP), TS children showed significantly decreased
GMP in cortical regions and significantly increased GMP in deep gray
matter (basal ganglia).

It is worth noting that the frequency of AD feature in the right
lateral fronto-orbital WM (LFOWM) and MD feature in the left
superior cerebellar peduncle (SCP) exceeded 99%. Furthermore, multi-
ple features in the lateral fronto-orbital WM (AD, FA in the right
LFOWM and FA, RD in the left LFOWM) and the left SCP (MD, RD
and AD) ranked within the top 22. This indicates that these regions
may be highly related to TS pathology.

4. Discussion

We designed this study to investigate the macroscopic and micro-
scopic changes in patients with TS pathology using MRI and to
distinguish the TS children from normal children using a SVM
classification based on imaging markers. We validated the proposed
method on 92 subjects using a nested CV procedure, which consider-
ably reduced the bias and gave an estimate of the error that is very close

Table 2
SVM classification results using the single modalities and the multi-modal features.

Feature Accuracy (%) Sensitivity (%) Specificity (%) AUC (%)

GMP 76.30 ± 0.51 73.18 ± 6.41 79.17 ± 4.71 81.33 ± 3.90
FA 70.98 ± 0.31 70.68 ± 5.91 71.25 ± 5.96 77.36 ± 3.67
AD 76.41 ± 0.44 74.09 ± 4.44 78.54 ± 5.11 84.03 ± 2.96
RD 81.20 ± 0.46 79.77 ±5.30 82.50 ±5.12 88.62 ±2.67
MD 70.00 ± 0.25 66.36 ± 3.18 73.33 ± 4.14 75.22 ± 3.69
MKL 94.24 ± 0.15 93.41 ± 3.46 95.00 ± 1.76 98.10 ± 0.95
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to that obtained on the independent testing set. Our results spiked
94.24% of accuracy, which outperformed the previous work [16] that
only extracted inter-hemispheric functional connectivity as features for
TS classification, achieving a good classification accuracy (92.86%),
sensitivity (91.67%), and specificity (93.75%). The detailed comparison
between our proposed classification method against their method is
listed below (Table 4).

4.1. Classification using multi-modal ROI-based features

Because of the difficulty of collecting samples, datasets in imaging
studies are usually quite small in the neuroimaging community. Nearly
one hundred samples with multi-modal MRI in our study represent a
quite large dataset and cost thousands of dollars and several months or
years to collect.

In our study, we used multi-modal MRI to investigate volumetric
changes of GM using VBM and microstructural changes of WM using
TBSS, and correlated these changes with identification of TS children.
Compared with a single modality, the advantage of using multiple
modalities is to extract more features (effective features) to robustly

learn a classifier. Theoretically, multi-modality method adopts different
features as inputs, which can respectively reflect diverse aspects of
samples. As previous structural and diffusion MR studies [24,41]
showed widespread macroscopic (GMP) and microscopic (FA, AD,
RD, MD) abnormalities in TS children, we believe that multi-modal
and multi-type features can better reflect a wider spectrum of different
classes’ profiles and may lead to more accurate classification results. In
fact, our results showed that the performance of multi-modal classifiers
is better than the unimodal classifiers.

For classification, we used ROI-based features rather than voxel-
based features since the use of ROI-based features reduces dimension-
ality and simplifies the clinical interpretation of pathology induced
changes [42]. Of note, the ROI-based WM features were extracted
using a novel atlas-based TBSS method, since our previous study
showed that combining TBSS and atlas-based analysis can better reveal
micro-structural abnormalities in early TS children [41]. Our findings
also revealed some meaningful morphological and microstructural
changes from structural MRI and DTI, which can be used as biomar-
kers for TS diagnosis.

4.2. Effect of hybrid feature selection method and MKL framework

In the current study, we proposed a multiple kernel learning
framework for TS patients classification through combining multi-
modal features. We extracted multi-modal features from the VBM and
TBSS analysis and then used them to train classifiers. The hybrid
feature selection algorithm, which combines filter and wrapper meth-
ods, was applied before training SVMs in order to prevent the
overfitting problem and reduce the computational complexity. We also
used a nested CV method to tune the hyper-parameters of classifiers
and evaluate the performances of our method, which can yield
unbiased estimation of classification method. In addition to using a
single feature, we also employed MKL to integrate multi-modal
features. Our experiments showed that MKL using multimodal features
improved TS classification results when compared to unimodal classi-
fiers.

4.3. Identify brain regions closely related to TS

Identification of objective biomarkers is of great interest as it could,
ultimately, assist in clinical decisions for individual patients. With this
consideration, our proposed feature selection method seeks to identify
those ROI-based features that are most discriminative in distinguishing
between TS children and controls, thereby identifying brain regions

Fig. 4. Comparison of performances of different methods using the unimodal and multi-modal features.

Fig. 5. The ROC curve of nested CV classification of 92 subjects.
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that might be most related to TS.
The most discriminative regions in the TS classification were mainly

located in superficial WM beneath frontal cortex, basal ganglia and
deep WM fiber bundles.

4.3.1. Superficial white matter and related cortex
Many ROI-based features of frontal-related superficial white matter

(SWM) ranked within the top 22, especially the right lateral fronto-
orbital WM (LFOWM), with a high frequency of 99.5%. Moreover,
multiple features in the bilateral LFOWM ranked within the top 22,
indicating that these regions might be closely related to TS. The left
inferior frontal WM (IFWM), which ranked third and left middle
frontal WM (MFWM) was also frontal-related SWM.

Notably, SWM play an important role in highly and effectively
control brain function [43]. In particular, SWM is WM lying just
beneath the cortical ribbon. It is primarily composed of U-shaped
association fibers which form the major local white matter connections
in the brain arching through the cortical sulci to connect adjacent gyri,
and intracortical axons which extend directly to white matter from the

overlying gray matter [44].
It is worth noting that the LFOWM lies beneath the lateral orbito-

frontal cortex, where the lateral orbito-frontal circuit projecting from.
The lateral orbito-frontal circuit connects to different parts of the
caudate and globus pallidus, and projects to the thalamus and back to
the orbito-frontal cortex. This circuit is thought to be involved in the
control of inhibitory responses during learning and recognition tasks
requiring frequent shifts of set developing during infancy. This may
explain the perseveration or repetitive compulsive behavior seen with
damage to the orbito-frontal cortex [45]. Of note, the lateral orbito-
frontal circuit is one of five distinct parallel CSTC circuits that subserve
different functions, and the interconnected relationships between
movement disorders and associated behaviors may be understood by
these parallel CSTC circuits [46]. Previous anatomical, functional, and
lesion studies suggested that TS is caused by a failure of CSTC circuits
to inhibit the somatosensory urges and associated motor enactments
that constitute tic behaviors [47].

In addition to the lateral orbito-frontal circuit, the anterior
cingulate circuit, which is also one of distinct parallel CSTC circuits

Fig. 6. Most discriminative regions derived from DTI for classifying TS and healthy children. Abbreviation is the same as Table 3.

Fig. 7. Most discriminative regions derived from sMRI for classifying TS and healthy children. Abbreviations are the same as in Table 3.
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[46], includes the ventral striatum, nucleus accumbens, and medial
dorsal nucleus of the thalamus. The entorhinal area with the hippo-
campus are thought to send inputs to this circuit, which integrates
information from the para-limbic association cortex [45]. Our results
showed that the entorhinal area ranked as the fourth discriminative
ROI with a high frequency of 84.5%, confirming that the entorhinal
area is highly related to TS.

The SWM beneath the inferior frontal gyrus (IFWM) is the third
discriminative ROI and TS group showed significantly reduced FA
compared to control group. Concordantly, the previous study [48] also
found that patients with TS showed significantly reduced FA in the left
inferior frontal gyrus (below BA 44). Apart from IFWM, the left
MFWM beneath the middle frontal gyrus, which was also found to be
related to TS [49], is another frontal SWM region ranking within the
top 22 discriminative ROI.

In addition to the frontal SWM, we also found that FA values and
GM volumes significantly changed between groups in the postcentral
WM and postcentral gyrus. The postcentral WM is the WM below the
postcentral (BA 3a) cortex. In line with our finding, Thomalla et al. [50]
found that FA values changed between groups in the postcentral WM.
Other regions of interest involved the superior temporal WM beneath
the superior temporal gyrus, which were significantly correlated with

tic occurrence in TS patients [51], and the inferior occipital WM
beneath the inferior occipital gyrus, which is involved in the patho-
physiology of TS [52].

For gyral regions with significant change in GM volume, the
supramarginal gyrus and the inferior temporal cortex also well-
correlated with TS [53].

4.3.2. Deep gray matter
Some discriminative ROIs in the basal ganglia (globus pallidus,

putamen) and the limbic system (amygdala) also ranked within the top
22. In primates, the basal ganglia include the striatum (caudate nucleus
and putamen), subthalamic nucleus (STN), globus pallidus internal
and external segments, and substantia nigra pars compacta and pars
reticulata. The basal ganglia were constantly associated with TS
pathophysiology in children using VBM [54,55], with the same varia-
tion trend of GMP as our result. In addition, our results showed
significantly increased AD value in the amygdalae, suggesting that
altered connectivity of this limbic structure highly involved in the
processing of memory, decision-making, and emotional reactions,
which may play an important role in the pathophysiology of TS [56].

4.3.3. Deep white matter
The left superior cerebellar peduncle (SCP) in deep WM is the

second most discriminative ROI feature with a high frequency of
99.0%. The SCP is the primary output of the cerebellum with mostly
fibers carrying information to the midbrain, which was found to be
connected to areas of altered FA in TS patients [50]. The SCP
represents the major output of the cerebellum, including cerebello-
thalamo-cortical pathways involved in sensory-motor integration [57].
Our results also indicate that SCP is an important connectivity node of
the somatosensory system [58]. The middle cerebellar peduncle (MCP)
ranked as the fifth discriminative regions; it is also an important output
of the cerebellum, which connects the cerebellum to the pons.
Consequently, the significant microstructure changes in SCP and
MCP might suggest that the dysfunction of neural circuit involving
cerebellum played a unique role in the TS pathology.

The superior corona radiata is one of the projection fibers, which
are afferents carrying information to the cerebral cortex. Remarkably,
the AD increase started from the corona radiata and extended to the
anterior thalamic radiation [24], thereby indicating that alterations in

Table 3
The top twenty-two ROI-based features of sMRI and DTI selected by the nested CV method as the most salient for group classification.

Region Fea Num Rate Trend P Abbreviation

Right lateral fronto-orbital WM AD 199 99.50% – 0.048 LFOWM_R
Left superior cerebellar peduncle MD 198 99.00% + < 0.001 SCP_L
Left inferior frontal WM FA 174 87.00% – < 0.001 IFWM_L
Right entorhinal area AD 169 84.50% – 0.017 ENT_R
Right middle cerebellar peduncle RD 161 80.50% + 0.001 MCP_R
Right Amygdala AD 156 78.00% + 0.049 Amygd_R
Right lateral fronto-orbital WM FA 154 77.00% – < 0.001 LFOWM_R
Left superior cerebellar peduncle RD 150 75.00% + < 0.001 SCP_L
Right supramarginal gyrus GMP 150 75.00% – 0.005 SupraMarginal_R
Left lateral fronto-orbital WM FA 149 74.50% – 0.001 LFOWM_L
Right globus pallidus GMP 148 74.00% + 0.049 Pallidum_R
Left postcentral WM FA 143 71.50% – 0.001 PoCWM_L
Right postcentral gyrus GMP 136 68.00% – 0.005 Postcentral_R
Left inferior temporal gyrus GMP 130 65.00% – 0.01 Temporal_Inf_L
Left putamen GMP 129 64.50% + 0.049 Putamen_L
Left middle frontal WM FA 123 61.50% – < 0.001 MFWM_L
Left inferior occipital WM FA 121 60.50% – 0.001 IOWM_L
Left superior cerebellar peduncle AD 121 60.50% + 0.015 SCP_L
Left lateral fronto-orbital WM RD 116 58.00% + 0.002 LFOWM_L
Left superior temporal WM AD 105 52.50% + 0.006 STWM_L
Left superior corona radiata AD 101 50.50% + 0.016 SCR_L
Left superior longitudinal fasciculus AD 101 50.50% + 0.008 SLF_L

Num: the counts of each feature selected by our proposed method over the 20 rounds nested 10-fold CV. Rate: the frequency of being selected, equals Num/total times in 20 rounds
nested 10-fold CV (200 times). ± : parameter is increased/decreased in TS group compared to control group. P: p value of two sample t-test. Fea: type of feature.

Table 4
The detailed comparison between our proposed classification method against the
previous method [16] is listed below.

Paper Liao et al. [16] Present

Number of
subjects

56 92

Feature Type inter-hemispheric functional
connectivity (one type)

GM volume, FA, AD,
RD, MD (five types)

Feature selection Multivariate Pattern Analysis Hybrid method (filter-
based method+SVM-
RFE)

Classifier SVM SVM
Multi-type

features fusion
No Yes

Accuracy 92.86% 94.24%
Sensitivity 91.67% 93.41%
Specificity 93.75% 95.00%
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Tourette syndrome reach beyond the motor system [59]. Superior
longitudinal fasciculus is long association fiber bundles. The modula-
tion of tics by cortical activation depends on the long association fiber
bundles within one hemisphere [60]. Our results conform to the
previous study with TBSS which showed significant AD increased in
these WM tracts in TS children [24].

Therefore, the consistency of our results with the previous findings
suggests the effectiveness of our method in identifying potential
biomarkers for TS classification.

5. Limitations

Our study has several limitations. First, the number of subjects in
our study is relatively small. Second, our study includes several TS
patients with ADHD, which may bias our results to some extent. Future
studies with larger sample size and TS patients without ADHD are
warranted to establish a more reliable and robust classification frame-
work for both TS diagnosis and discriminative brain regions identifica-
tion. Another limitation is that our paper focuses on using traditional
machine-learning methods to establish a robust TS diagnostic model,
several other machine-learning methods (i.e. CCA and co-regulariza-
tion) will be explored in our future work. In particular, deep learning
methods have recently made notable advances in the tasks of classifica-
tion, regression and prediction in the neuroimaging research field.
Although we did not present the results based on deep learning
methods in this paper, it will be the focus of our future work to explore
high-order deep learned features, to improve the accuracy of TS
classification.

6. Conclusions

Overall, our study demonstrates the efficacy of using multi-modal
MRI in conjunction with SVM and MKL classifiers for TS subject-
specific diagnosis. At present, we achieved higher accuracy for TS
classification than previous studies. Besides, the fully automated
procedure of the proposed classification framework can be of great
assistance in clinical TS diagnosis. Our framework identified key
discriminative regions that are altered in TS patients, and all the
spotted regions were in line with the state-of-the-art. Therefore, our
study may provide some potential biomarkers for TS diagnosis and
help reveal the pathological mechanism of TS. The proposed frame-
work may be useful for early identification of TS subjects, and holds
promise for predicting prognosis and treatment outcome in TS
individuals.
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