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A B S T R A C T

Carotid-artery atherosclerosis (CA) contributes significantly to overall morbidity and mortality in ischemic
stroke. We propose a machine learning technique to automatically identify subjects with CA from a hetero-
geneous cohort of magnetic resonance brain images. The cohort includes 190 subjects with CA, white mater
hyperintensites of presumed vascular origin or multiple sclerosis, as well as 211 presumed healthy subjects. We
determined a set of handcrafted and convolutional discriminant features to perform this task. A support vector
machine (SVM) was used to perform this four-class classification task. Our approach had an accuracy rate of
97.5% (higher than chance accuracy of 52.6% for guessing majority class), sensitivity of 96.4% and specificity of
97.9% in identifying subjects with CA, suggesting that the proposed combination of features may be used as an
imaging biomarker for characterizing atherosclerotic disease on brain imaging.

1. Introduction

Magnetic resonance (MR) image-based assessment of subjects with
carotid-artery atherosclerosis (CA) is commonly dependent on key
morphological characteristics, such as the degree of carotid artery ste-
nosis or presence of ulcerated plaques in the artery wall [1]. CA sub-
jects, who are known to be at increased risk of a first or recurrent is-
chemic stroke [2], commonly present a diffuse pattern of white matter
hyperintensities (WMHs) [3]. The association between these brain
WMHs and large-vessel atherosclerosis warrants further investigation of
these lesions as potentially diagnostic brain imaging features.

MR imaging is a highly suitable technique to non-invasively image
the brain. However, manual extraction of white matter information
from MR images, particularly in large data sets, is time-consuming and
prone to error due to both intra- and inter-operator variability [4].
Thus, more agile and robust computer-assisted diagnosis (CAD) tech-
niques are needed to automatically assess brain features, enhance di-
agnosis of clinical conditions and improve monitoring of disease pro-
gression. Many recent and promising techniques to examine WMHs that
are based on machine learning (ML) approaches have demonstrated
that automatic methods can produce accurate, quantitative results
[5–7].

One of the challenges in developing ML-based algorithms for MR
image analysis is related to the potential impact of variability in image
acquisition (imaging parameters, pulse sequence implementation, ac-
quisition protocol, software revision, magnetic field strength, scanner
vendor, etc.), particularly when using a data set acquired at multiple
centers. Assessing CAD tool performance using such a multi-center data
set, however, is essential for generalizing and validating brain MR
measurements and other findings, and is required to more compre-
hensively evaluate robustness and reliability [8–14].

A key step in a ML-based algorithm is feature extraction. Features
extracted from MR brain imaging may represent relevant information
about the overall health and disease status of a patient and, potentially,
may serve as biomarkers of a disease [3,14,15]. Handcrafted features
have traditionally been studied. Such features are defined using a priori
knowledge about the images and/or disease process [16,17] and are
generally specific to an application. As a result while one set of hand-
crafted features may be appropriate for one disease, they can be in-
appropriate for other diseases or purposes (segmentation, classification
or longitudinal assessment). Convolutional features generated from
convolutional neural networks (CNNs), on the other hand, can more
generically discriminate regions and patterns within the image [18].
Moreover, combinations of handcrafted and convolutional features may
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lead to improved results with enhanced understanding and interpreta-
tion [19].

Our goal is to extract, evaluate and identify features that allow for
the automatic identification of subjects with CA from a diverse cohort
of MR brain images. Included in this cohort were subjects with 1) ob-
served WMHs due to a variety of other etiologies, as well as 2) pre-
sumed healthy subjects. A multi-class classifier was developed by
combining handcrafted features (principally texture-based features
[20]) with convolutional features (obtained using a transfer learning
approach [21]). We sought to find sets of features that may be used as
biomarkers to identify carotid-artery atherosclerosis disease.

The robustness of the method was examined using single- and multi-
center data sets, and by considering subjects with a variety of WMH
etiologies and both low and high WMH burden. We anticipated some
variation by center due to utilization of different scanners with similar
but not the same image acquisition parameters. We also anticipated
that the WMH burden would have an impact on the classifier. It is
expected that subjects with lower WMH burden would be harder to
correctly classify because fewer abnormal brain voxels would be pre-
sent in the image.

2. Multi-center data set

A key requirement when developing ML methods is to have access
to robust, generalizable and correctly annotated data sets in order to
perform experiments and to validate approaches. Our experiments in-
volved secondary use of four data sets, containing images from both
patients and healthy controls. These images were collected at eight
centers and contained subjects from four classes (labelled as
CA= carotid-artery atherosclerosis, MS=multiple sclerosis,
SVD= small vessel disease, and NC=normal controls) that are de-
scribed below and summarized in Table 1). In order to provide a
pragmatic assessment of our proposed method, we trained and tested on
a large but unbalanced multi-center, multi-disease data set. Secondary
analyses (described below) were used to understand the impacts of
potential confounding factors due to this choice of data set.

Across all classes, two-dimensional T2-weighted fluid attenuated
inversion recovery (FLAIR) images were acquired over the whole brain
in a predominantly axial orientation (i.e., parallel to the anterior
commissure-posterior commissure line). Clinically, the FLAIR imaging
sequence is commonly used to evaluate brain tissue abnormalities, such
as WMHs [7]. Timing parameters including repetition time (TR), echo

time (TE), and inversion time (TI), as well as slice thickness and ac-
quisition matrix varied slightly by class and sometimes within each
class. Data were collected from 401 subjects using 3-T MR scanners
from three vendors.

All subjects in the patients cohort and many from the NC group
presented with WMHs. The fraction of subjects with visible WMHs was
252/401 (62.8%). The WMHs were identified and segmented using a
semi-automatic software tool (CEREBRA-WML [22]) that uses a region-
growing method. The WMH burden (volume) was sub-labelled as being
low or high using an empiric threshold of 2,000 voxels [23] (corre-
sponding to a threshold varying from 2ml to 5ml, depending on the
acquired image resolution). This voxel threshold was chosen over a
volume threshold for implementation reasons. In the pre-processing
step (described below), all images were resized to have the same matrix
size (48× 48×48 voxels), so the dichotomization between low and
high WMH volume ensured that WMH voxels have a similar presenta-
tion in the pre-processed images.

2.1. Class 1 - carotid artery atherosclerostic disease: CA

Subjects with CA disease were drawn from five study centers (cen-
ters 1–5) participating in the Canadian Atherosclerosis Imaging
Network (CAIN) Project 1 [24]. Images were acquired from 111 sub-
jects (Fig. 1a–e). Three study centers (1, 2, and 4) used the same 3-T MR
scanner platform (Discovery 750; General Electric Healthcare, Wau-
kesha, WI) with TR/TE/TI= 9700ms/145ms/2200ms. Images from
center 3 (3-T Achieva; Philips Medical Systems, Best, The Netherlands)
used a similar acquisition sequence with parameters TR/TE/
TI= 9000ms/125ms/2800ms. Center 5 used a scanner from a third
vendor (3-T Tim Trio; Siemens Health Engineering, Erlangen, Germany)
also with a comparable acquisition sequence and parameters (TR/TE/
TI= 9000ms/119ms/2500ms). All subjects in this class had WMHs.

2.2. Class 2 - multiple sclerosis: MS

Subjects with MS were drawn from a single-center database (center
2 with images acquired using TR/TE/TI= 6000ms/130ms/1855ms)
[25], and served as one positive (i.e., diseased) control group. This class
includes 19 subjects diagnosed with a range of MS severity. The data
included heterogeneous pathology severity as measured by the Ex-
panded Disability Status Scale (EDSS) score. This class included nine
severely (EDSS score of ≤3) and ten mildly disabled (EDSS score> 6)
subjects (Fig. 1f–h). All subjects in this class had WMHs.

2.3. Class 3 - small vessel disease: SVD

Sixty subjects with SVD that had WMH of presumed vascular origin
[26] were included. These subjects were obtained from a publicly
available data set (WMH Segmentation Challenge held at the 2017 In-
ternational Conference on Medical Image Computing and Computer
Assisted Intervention [27] and served as a second positive control
(disease) group. Data were acquired from 20 subjects at three different
centers (centers 6 to 8) using different 3-T scanners and similar ac-
quisition parameters (center 6: Signa HDxt, General Electric Healthcare
with TR/TE/TI= 8000ms/126ms/2340ms; 7: Achieva with
11,000ms/125ms/2800ms; and 8: Tim Trio with 9000ms/82ms/
2500ms; Fig. 1i–k). The age and gender of this data set was not re-
ported. All subjects in this class had WMHs.

2.4. Class 4 - normal controls: NC

Presumed healthy subjects were drawn from the Calgary Normative
Study database (center 2) [28]. This is an ongoing study that recruits
healthy participants into a longitudinal study. In this study, only
baseline images were used and participants with significant incidental
findings on MR imaging or with scores< 26 (out of 30) on the Montreal

Table 1
Overview of the data set demographics including center, number of subjects,
average age (mean ± standard deviation), age range (minimum, maximum),
biological sex (percent female) and fraction of MR scans with WMH:
CA= carotid-artery atherosclerosis (subdivided by recruiting center),
MS=multiple sclerosis, SVD= small vessel disease (subdivided by recruiting
center), and NC=normal control. Due to secondary use, detailed age and sex
information was only known for some data. n/a= not available; WMH=white
matter hyperintensity.

Data Center No subjects Age (years) Age range
(years)

Sex (%
female)

WMH
fraction

CA 1 19 n/a n/a n/a 100.0%
2 22 75±7 (63,94) 59% 100.0%
3 17 n/a n/a n/a 100.0%
4 41 n/a n/a n/a 100.0%
5 12 n/a n/a n/a 100.0%
Subtotal 111 n/a n/a n/a 100.0%

MS 2 19 48±13 (28,75) 100% 100.0%
SVD 6 20 n/a n/a n/a 100.0%

7 20 n/a n/a n/a 100.0%
8 20 n/a n/a n/a 100.0%
Subtotal 60 n/a n/a n/a 100.0%

NC 2 211 55±22 (20,87) 61% 29.4%
All 401 62.8%
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Cognitive Assessment (MoCA) test were excluded (Fig. 1l–n). From this
database, images from 211 subjects served as a negative (i.e., presumed
disease-free) control group (normal controls). In this class, 29% (62 of
211) of the subjects presented with WMH; a finding that is not un-
expected in a normative brain aging study [29]. Inclusion of these
subjects made the classification task challenging and realistic.

3. Methods

In order to identify CA subjects from positive (MS, SVD) and ne-
gative (NC) control subjects, we implemented a four-class classification

method consisting of four principal steps: 1) pre-processing, 2) feature
extraction, 3) classification and 4) evaluation of results using hand-
crafted and convolutional features (see flowchart in Fig. 2).

3.1. Pre-processing

Step 1 included image-intensity correction, brain extraction, image
cropping and intensity normalization [30] (Fig. 3). Images acquired at
different centers (and on different scanners) with variable acquisition
parameters can present inter-center/scanner contrast and intensity
variation (cf., Fig. 1). Thus, pre-processing aimed to standardize theMR

Fig. 1. Example of FLAIR images in the multi-center data sets for each class: (a–e) CA from centers 1 to 5, respectively; (f–h) MS from center 2; (i–k) SVD from centers
6 to 8, respectively; and (l–n) NC from center 2.
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images to ensure that distinctions between classes are related to the
presence/absence of pathology, the type of pathology and the pattern of
the WMH burden, and are not simply related to inherent image varia-
bility.

First, the N4 correction method [31] was applied to compensate for
non-uniformity across the images by performing bias field correction
[32]. Then, the brain was extracted using an automated pipeline (brain
extraction tool (BET) from FSL [33]). The third step cropped the image
to only include the segmented brain. The last step was image resizing to
48×48×48 voxels and image intensity normalization to the range
[0,255].

3.2. Feature extraction

After pre-processing, we performed feature extraction. This step is
important because one of the goals of this work was to find and eval-
uate sets of features that best identified CA subjects. Our approach was
to implement, explore and finally rank different methods to extract
features from the images using both traditional [34] and convolutional
approaches [35]. We ran multiple experiments using different features
sets (FS), in order to evaluate their degree of discrimination in the
proposed classification task. The predefined FS were:

• FS1 - image intensity-based features from the gray level image
histogram. Statistical moments extracted from the histogram pro-
vide a quantitative analysis of the image intensity distribution [36].
Eight separate features were extracted from the histogram: [34]
entropy, intensity mean, standard deviation, skewness, kurtosis, and
values at 10, 50 (median) and 90 percentiles.

• FS2 - image gradient-based features. The gradient examines di-
rectional changes in the image gray levels, and can extract relevant

information (such as edges) within an image. Moments extracted
from the image gradient are more robust to acquisition conditions,
such as contrast variation, and properties of the acquisition equip-
ment [36]. Ten features were extracted from the gray level and
morphological gradients (five from each): [34] intensity mean,
standard deviation, skewness, kurtosis and percentage of non-zero
values [7].

• FS3 - features extracted from the local binary pattern (LBP). LBP
is a texture spectrum model that may be used to identify patterns in
an image [37]. The LBP histogram comprises the frequency of oc-
currence of different patterns within an image [34]. Ten features
were extracted from the LBP by using a 10-bin LBP histogram.

• FS4 - frequency domain features. The Haar wavelet is a multi-
resolution technique that transforms images into a domain where
both spatial and frequency information is present. Features sepa-
rately extracted from each sub-image present desired scale-depen-
dent properties [38]. When considering two decomposition levels,
eight sub-images are generated [34]. The mean value within each
sub-image were computed and used as features (total of eight fea-
tures).

• FS5 - convolutional network features. These were extracted from
a very deep convolutional network (VGG16) [39] with pre-trained
imagenet weights through transfer learning. These features are ex-
pected to be representative and discriminative to the proposed
classification task [21,35,40]. For each MR volume, the convolu-
tional features were computed in the central two-dimensional (2D)
axial, sagittal and coronal slices. For each of these three views,
25,088 convolutional features were computed, generating a vector
of 75,264 features per image.

A total of 75,300 features were extracted from each image: 8

Fig. 2. Main steps of the classification algorithm: 1) pre-processing, 2) feature extraction, 3) classification, and 4) evaluation. FS= two-dimensional feature space,
SVM= support vector machine.

Fig. 3. Pre-processing steps: (a) original image, (b) N4 corrected, (c) brain extracted, (d) brain cropped, and (e) resized and normalized image.
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features from the image histogram (FS1), 10 features from the image
gradient (FS2), 10 features from the LBP histogram (FS3), 8 features
from the Haar wavelet sub-images (FS4) and 75,264 features from the
convolutional networks (FS5). These features were used to develop the
classifier model to distinguish CA subjects from subjects in the positive
(MS, SVD) and negative (NC) control groups. The individual sets (FS1,
FS2, FS3, FS4, and FS5) as well as the union of the handcrafted features
(FS1+FS2+ FS3+FS4) and the union of all features
(FS1+FS2+ FS3+FS4+FS5) were examined for the same classifi-
cation task.

3.3. Classification

Classification was performed to distinguish images from subjects
into the four classes (CA, MS, SVD, and NC) by using the previously
described features. A support vector machine (SVM) was the chosen
classifier model, because it has previously provided good results in si-
milar studies [41] and because SVM is not sensitive to redundant/non-
discriminant features [42]. This last finding is important because one of
the main goals of this study was to find a set of features that could be
used as a biomarker of carotid atherosclerotic disease. The optimal SVM
parameters were determined by using a grid search technique [43] only
considering the training data. A ridge regularization (L2 regularization)
was used because the number of features was large in comparison with
the number of subjects [44].

3.4. Evaluation

The performance of the proposed classifier for distinguishing the
four classes was evaluated by using a stratified ten-fold cross validation
procedure [45]. Similar to traditional cross validation, at each iteration,
the data was randomly partitioned into ten folds, one fold for testing,
the other folds for training. Because we had an unbalanced data set, we
used stratified cross validation, which preserved the class proportions
in each fold. The average confusion matrix and other quantitative
measures, such as accuracy rate, sensitivity and specificity, over ten
iterations were calculated.

We also evaluated the effect of each FS by using quantitative and
qualitative approaches including computing their degree of dis-
crimination and visualizing the 2D feature space. The degree of dis-
crimination was computed by using the mean decrease impurity (or
Gini importance) method [46] using a decision tree structure [47]. The
feature space was visualized by using a 2D reduction of the data set
onto a plane defined by the two eigenvectors corresponding to the two
largest principal components. These components were computed using
the principal component analysis algorithm [48].

We performed additional experiments to analyze the impact of the
extracted FS, to check the degree of discrimination for individual
groups of features, and to assess if the FS were complementary or re-
dundant. The convolutional features (FS5) were also subjectively ana-
lyzed by using a 2D visualization. In this visualization, the learned
convolutional weights in a shallow and deeper layer are shown as
image slices in a mosaic. This analysis allowed further subjective in-
terpretation of the extracted convolutional features.

We explored the effects of center (over centers 1–5) and WMH
burden (low vs high) on the proposed 4-class classification task. We
performed an additional analysis using CA subjects images (class of
interest) acquired at each of the single centers and compared these
results to the results achieved across all centers. These additional ex-
periments were performed without changing the number of subjects or
centers in the other three classes (MS, SVD and NC). To further assess
the effect of center, we conducted a second classification of the image
data based on center. The effect of WMH burden was assessed by ex-
amining the impact on classification accuracy when using low or high
WMH burden samples.

3.5. Statistical methods

One-way analysis of variance (ANOVA) [49] was used to determine
significance in the accuracy rate by FS and center. Performance dif-
ference among the handcrafted (FS1, FS2, FS3, FS4,
FS1+ FS2+FS3+FS4), convolutional (FS5) and combined
(FS1+ FS2+FS3+ FS4+ FS5) FS were examined using paired two-
sample t-tests with Bonferroni correction [50]. A paired two-sample t-
test was used to examine effects of WMH burden. We did not explore
the interaction between center and WMH burden, because of small
subgroup sizes. A chi-squared test [51] was used to compare the results
between the proposed classification task (based on the disease) and a
classification based on center to evaluate the effect of center variability
in the proposed method. A p-value<0.05 was used to determine sig-
nificance in all tests. Mean± standard deviation values were reported.

3.6. Implementation environment

Experiments were conducted using Python language (version 2.7.1)
and Jupyter Notebook environment [52] on a Mac Pro with a 2.7GHz
12-Core Intel Xeon processor with 64GB DDR3 memory. We used the
following common software packages to perform some of the proces-
sing: scikits-image (skimage) [53] for traditional feature extraction,
Keras [54] for extracting the convolutional features, scikits-learning
(sklearn) [42] for the classification models and evaluation metrics, and
matplotlib [55] for visualization purposes.

4. Results

The proposed classification method using a combination of hand-
crafted and convolutional features achieved an average accuracy rate of
97.5 % ± 1.9% (mean± standard deviation) when performing a four
class classification task to discriminate CA subjects from positive con-
trol subjects (MS and SVD) and from negative control subjects (NC)
(Fig. 4). The chance accuracy for this task, defined as the accuracy to
guess all samples as the majority class, was 52.6% (only NC subjects
properly classified=211/401 subjects). Ten subjects were incorrectly
labelled (Fig. 4(a)): Two CA subjects were labelled as SVD, and two as
NC. Three SVD and one NC subjects were labelled as CA. One SVD
subject was labelled as NC, and one NC subjects as SVD. Because we
have unbalanced data, we also computed sensitivity and specificity for
our class of interest. Our sensitivity was 96.4% (107/111 CA subjects),
and specificity of 97.9% (284/290 non CA subjects).

Qualitative visualization of the principal components of the 2D
feature space demonstrated discrimination of the four class clusters
(Fig. 4(b)), confirming the confusion matrix results and the high mea-
sured accuracy rate, sensitivity and specificity. Overlap was found be-
tween the CA, SVD and NC groups, with the MS group being most
distinct. It is important to highlight that this two-dimensional visuali-
zation is a simplification of a higher-dimensional space that allows for
better separation between the classes.

Analysis of the degree of feature discrimination (Fig. 4(c)) showed
that the majority of the most discriminant features were convolutional
based. One handcrafted feature ranked within the top thirty dis-
criminant features. This handcrafted feature was based on the LBP
approach (in FS3), which comprises the frequency of occurrence of
different patterns within the analyzed image.

4.1. Effect of feature set

A high accuracy rate (97.3 % ± 2.1%, Table 2) was achieved when
using only convolutional features (FS5), similar to the accuracy
achieved when using all features (FS1+ FS2+FS3+FS4+ FS5,
97.5 ± 1.9%). A one-way ANOVA across the five FS (FS1, FS2, FS3,
FS4 or FS5), the union of the handcrafted features
(FS1+ FS2+FS3+FS4) and the union of all features
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(FS1+ FS2+FS3+FS4+ FS5) confirmed the presence of significant
differences (p < 0.001). Pair-wise significant differences were found
between FS1+ FS2+FS3+FS4+ FS5 and each of FS1, FS2, FS3, FS4.
After Bonferroni correction, the accuracy of the union of the hand-
crafted features (FS1+ FS2+FS3+FS4) and the convolutional fea-
tures (FS5) were not significantly different than FS1+ FS2+FS3+
FS4+ FS5 (see Table 2 for p-values).

To better understand the convolutional features (FS5), we visualized
these most discriminating features using a 2D visualization mosaic. The
computed convolutional features (convolutional weights) comprised a
mixture of low and high spatial frequency information at varying or-
ientations. The shallow layers contain simple features and the deep
layers presented more complex features (Fig. 5).

Additional analysis of the FS was performed by evaluating the
confusion matrices using only handcrafted (FS1+FS2+FS3+ FS4) or
convolutional features (FS5) (Fig. 6). Because misclassifications oc-
curred in different classes, this suggested that these FS were non-re-
dundant, further supporting the usage of hybrid methods that combine
handcrafted and convolutional features.

Fig. 4. Results of distinguishing four different classes carotid-artery atherosclerosis (CA), multiple sclerosis (MS), small vessel disease (SVD) and normal control (NC).
Shown are (a) confusion matrix, (b) qualitative analysis in a two-dimensional feature space (obtained using principal component analysis, see text), and (c) feature
quantitative analysis obtained by computing the feature importance/discrimination degree for the proposed task using a decision tree algorithm (for simplicity, only
the 30 most discriminating features are shown, see text).

Table 2
Accuracy rates (mean ± standard deviation) achieved when distinguishing CA
from MS, SVD and NC by using handcrafted features (FS1, FS2, FS3, FS4,
FS1+ FS2+ FS3+ FS4), or convolutional features (FS5) or a combination of
all features sets (FS1+ FS2+ FS3+FS4+FS5). Similar accuracies were
achieved when combining all FS, or when using only convolutional ones (FS5).
A one-way ANOVA on individual features, union of handcrafted features
(FS1+FS2+FS3+ FS4) and combination of all features was significant
(p < 0.001). Displayed p-value is from paired t-tests relative to
FS1+ FS2+ FS3+ FS4+FS5. Bonferroni corrected level of significance due
to multiple comparison was p < 0.008.

Features Accuracy (%) p-Value

FS1 90.0 ± 2.8 < 0.001
FS2 89.3 ± 3.8 < 0.001
FS3 75.1 ± 4.6 < 0.001
FS4 69.9 ± 4.3 < 0.001
FS1+ FS2+FS3+ FS4 94.3 ± 3.1 0.017
FS5 97.3 ± 2.1 0.803
FS1+ FS2+FS3+ FS4+ FS5 97.5 ± 1.9
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4.2. Effect of center and WMH burden

Small, not significant (p=0.127, one-way ANOVA) variations
(Table 3) in accuracy were observed when using the CA data from each
single center to perform our proposed four-class classification (i.e., to
distinguish CA subjects from MS, SVD or NC). We expected some var-
iation by center due to utilization of different scanners and small
changes in the image acquisition parameters.

In order to further assess the effect of center, we performed a second
classification of the image data based on center (Fig. 7). This center-
wise classification achieved an accuracy of 88.6 % ± 3.6%. Erroneous
classificationswere concentrated across centers 1–5, especially center 2,
that contain images from patients with different diagnosis, confirming
imaging variability due to disease (variability that it is detected by our
proposed four-class disease-based classification method). No classifi-
cation errors were observed for centers 6–8. While the center classifi-
cation had an acceptable accuracy rate, the accuracy achieved by the
proposed four-class disease-based classification was significantly higher
(97.5%, p=0.00157, chi-squared test to compare accuracy's achieved

Fig. 5. Visualization of convolutional features (i.e., learned convolutional weights) as a two-dimensional slice mosaic after two VGG16 convolutional layers: (a)
initial layer (“block1_pool layer” [39]) and (b) a deeper layer (“block3_pool layer”). The network automatically detects low- and high-level features. The deeper layer
presents more complex features.

Fig. 6. Confusion matrices by varying FS used in the classifier: (a) only using handcrafted features (FS1+FS2+ FS3+ FS4) - accuracy of 94.3% ± 3.1%, and (b)
only using convolutional features (FS5) - accuracy of 97.3% ± 2.1%.

Table 3
Support vector machine (SVM) accuracy rates (mean ± standard deviation) in
performing a four class classification task to identifying carotid-artery athero-
sclerosis subjects with varying data sets: single vs multi center, low vs high
WMH volume. Separate one-way ANOVA tests showed that classification scores
were not significantly different by center (p=0.127) or by WMH volume
(p=0.834).

Center WMH volume No. CA subjects Accuracy (%)

Multi-center All 111 97.5 ± 1.9
Center 1 only All 19 96.5 ± 2.7
Center 2 only All 22 98.4 ± 1.6
Center 3 only All 17 96.8 ± 5.0
Center 4 only All 41 98.8 ± 2.0
Center 5 only All 12 96.0 ± 2.9
Multi-center Low 72 97.8 ± 2.1
Multi-center High 39 97.0 ± 3.3
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to perform classification by center or disease-based classification).
We expected that subjects with lower WMH burden (Fig. 8) would

be more difficult to correctly classify. Our results (Table 3), however,
showed no significant difference between low and high WMH burden
groups (p=0.834, paired t-test); 72 of 111 CA subjects were found to
have low WMH burden.

5. Discussion

Our classifier was able to identify CA subjects from a large, un-
balanced, group of MS, SVD and NC subjects with a high accuracy rate
(97.5%). In addition to calculating the confusion matrix and accuracy
rate, we also evaluated the FS1+ FS2+FS3+ FS4+ FS5 space by
using principal component analysis technique (Fig. 4(b)). Some overlap
between the samples in this 2D representation was expected because
this visualization is a simplification of the original high-dimensional
feature space. The selected classification model (SVM) is known to be
appropriate for performing classification of complex data (with overlap
samples between classes) [41].

Comparison against other classification studies is not possible be-
cause to the best of our knowledge, there are no other works that
propose similar classification tasks. However, studies that included
multi-center data, as proposed here, are frequently reported as being
reliable and more generalizable, presenting superior results when
evaluated in data different from the training data [23,56]. In the ab-
sence of comparative studies, we instead chose to perform additional
experiments to more comprehensively evaluate the impact of con-
founding variables (such as center) on the performance of our method.
We varied the FS used by the classifier, as well as the data set (e.g.,
single centers vs multi-center), and explored the impact of WHM
burden. We also examined the false negative and positive findings.

The degree of feature discrimination (Fig. 4(c)) showed that the
majority (29/30, 96.7%) of the thirty most discriminant features were
convolutional based. This finding might have been expected because of
the large difference in the number of handcrafted (36) versus convolu-
tional (75,364) features. Despite this numerical imbalance, one hand-
crafted feature ranked in the top thirty discriminant features, sug-
gesting that independent features are being identified by handcrafted
and convolutional methods.

The overall confusion matrix (Fig. 4(a)) showed that most of the
false negative and false positive misclassifications were found between
classes CA and NC and between CA and SVD. One possible explanation
for these errors is that the abnormalities, such as the WMHs, observed
in CA, SVD and 29% of the NC data (see Table 1) are most likely of
similar origin, ischemic [26]. In contrast, MS subjects have WMHs
principally associated with a demyelination [7]. This difference in
etiology likely impacts the observed 2D feature space visualization as
more overlap occurred among the CA, SVD and NC groups than with
the MS group (Fig. 4(b)).

Our data was unbalanced, with one of our classes (MS) having only
19 subjects. MS is a rarer condition than carotid artery or small vessel
disease, so the imbalance reflects disease prevalence. MS subjects are
known to have heterogeneous image appearance, related to the pre-
sence and severity of the pathology. This variation may impact the MR
imaging characteristics of an individual. However, while it is a small
sample, this study did include subjects with disabilities ranging from
very mild to severe. Nonetheless, additional study using a larger MS
group would be beneficial. Conversely NC, our largest class, contains
subjects, having a range of WMH burdens. Even with this variability in
the negative-control (i.e., disease free) class, high disease classification
accuracy rates were achieved. The use of unbalanced data from a
variety of centers, suggests robustness and potential generalizability of
our approach.

The combination of handcrafted and convolutional features

Fig. 7. Results for distinguishing samples based on the center they were ac-
quired (eight class classification task) by using same features and classifier
(SVM with cross-validation) used to distinguish images based on the pathology
(CA, MS, SVD or NC). Overall accuracy rate to classify center was
88.6% ± 3.6%.

Fig. 8. WMH burden (light blue areas) in four sample images from the CA data set. WHM volume was dichotomized using a 2000 voxel threshold (corresponding to
volumes of between 2ml and 5ml, depending on the acquired image resolution) into: (a, b) low and (c, d) high WMH volume groups. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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(FS1+FS2+ FS3+ FS4+FS5) could identify subjects with CA by
distinguishing them from positive and negative controls (proposed four-
class classification task) and possibly serves as an imaging biomarker of
disease presence.

5.1. Effect of feature set

We used in this study a combination of handcrafted (FS1, FS2, FS3
and FS4) and convolutional features (FS5). The number of handcrafted
features were limited (36); the inclusion of more features, such as the
ones extracted from the gray level co-occurrence and run length ma-
trices [57] might improve the results given by the handcrafted features
sets. In contrast, the convolutional methods extracted 75,264 features.

Interpretation of convolutional features is currently an active area
of research and remains one of the biggest challenges in using deep
convolutional networks in medical imaging problems, because such
models are commonly considered to be a black box, showing no audit
trail to explain their decisions [58]. A visualization of these features
was presented (Fig. 5). This visualization allows a subjective analysis of
these features in an image space, highlighting some anatomical regions
and characteristics that were considered relevant to performing the
four-class classification.

The combination of handcrafted features (FS1+FS2+ FS3+FS4)
presented an average accuracy of 94.3% (see Table 2). An accuracy of
97.3% was achieved when using the convolutional features (FS5). In
analysis systems with limited amount of computational and storage
resources, the combination of handcrafted features approach could be
used, with only a slight reduction in accuracy.

5.2. Effect of center and WMH burden

Center and WMH burden were found to have no significant impact
on the experiments. Small variations (p=0.127) in accuracy rates were
observed in the single-center analysis of the CA data when performing
our proposed four-class classification (distinguishing subjects from
classes CA, MS, SVD or NC). Two centers (center 2 and 4) had higher
accuracy, while three centers (centers 1, 3 and 5) presented lower ac-
curacy rates compared to the multi-center analysis. The observed var-
iations, however, were small, not significant, and may simply reflect
that the centers with the highest accuracy had the largest cumulative
enrollment (centers 2 and 4, 63/111 subjects, 56.8%).

Further experiments were performed to study the influence of the
imaging variability in the proposed model by classifying images based
on the center they were acquired. The comparison between the results
achieved when classifying images based on the pathology or based on
the acquisition center showed that: 1) the accuracy of these tasks are
statistical different; and 2) even though our proposed model presented a
high accuracy rate (almost 10% higher), there is likely some influence
of the imaging variability when distinguishing CA subjects from MS,
SVD and NC. The pre-processing techniques that were applied to
standardize the images and handle the variability of the data related
with the acquisition center reduced but could not eliminate all of this
variability. Further exploration of image standardization to remove
center characteristics might alleviate the influence of the center on the
classification task.

Similar accuracy rates were achieved for the low (97.8%) and high
WMH volumes (97.0%). Both accuracy rates were not statistically dif-
ferent to that found with the entire data set (97.5%), suggesting some
robustness of our method to the WMH burden in classifying subject
pathology. A possible reason is that we use the whole brain in our
classification and not smaller regions of interest containing only WMH
and adjacent tissue.

6. Conclusions

Distinguishing normal from pathological images within a large and

complex, unbalanced, multi-center data set is challenging, even when
performed by imaging specialists. Here, we presented an automatic
method that distinguishes carotid-artery atherosclerosis (CA) subjects
from subjects with other neurodegenerative diseases (MS and SVD,
positive controls) and from healthy subjects (NC, negative controls).
Our focus was on exploring both traditional (handcrafted) and CNN-
based (convolutional) feature extraction methods.

A 97.5% accuracy rate was achieved for the four-label classification
problem (i.e., CA, MS, SVD vs NC). No significant statistical changes in
accuracy were observed when performing the four class classification
task using CA subjects subgroups based on center and WMH volume.
Significant differences, however, were observed by FS.

Further experiments assessing the effects of the center in the clas-
sification (classification by center) showed that our results may be in-
fluenced by inter-center variability, despite applying image pre-pro-
cessing techniques to minimize these effects. However, we
demonstrated that our proposed model to classify images based on the
subject pathology is statistically different than a model that just dis-
tinguishes images based on acquisition center. Similar results also were
achieved when using single center CA data or when using multi-center
CA data. Thus, our model may be suitable for images acquired at
multiple centers using different scanners with similar but not the same
acquisition parameters.

We also evaluated the degree of discrimination for individual fea-
tures sets. The observed accuracy rate using only convolutional features
(FS5) was similar to the accuracy achieved when combining all hand-
crafted features. However, we found non-redundancy between the
handcrafted and convolutional features. The model performed best
when using a combination of handcrafted and convolutional features
(hybrid features). This combination may be used as a biomarker for the
identification of carotid-artery atherosclerosis in FLAIR images of the
brain.

In future work, additional evaluation with multi-center MS and NC
data should be used. This additional study will allow experiments to
further evaluate and improve the proposed model robustness to image/
center variability. Additional data could also be segregated and used as
a distinct testing data set for evaluation of future models. We also in-
tend to work on a semi-adversarial classification model that considers
final accuracy as a combination of accuracies that distinguish the
images based on the diseases and center. Our goal in such an approach
would be to have a high accuracy to distinguish disease, while pena-
lizing high accuracy for distinguishing images based on center (in order
to minimize the effects of center). Finally, we also intend to explore our
FS, and develop more robust features to handle the imaging variability,
not related with specific brain abnormalities, such as WMH burden.
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