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Abstract

Alzheimer's disease (AD) is the most prevalent form of dementia. Although fewer
people, who suffer from AD are correctly and promptly diagnosed, due to a lack of
knowledge of its cause and unavailability of treatment, AD is more manageable if the
symptoms of mild cognitive impairment (MCI) are in an early stage. In recent years,
computer-aided diagnosis has been widely used for the diagnosis of AD. The main
motive of this paper is to improve the classification and prediction accuracy of AD. In
this paper, a novel approach is developed to classify MCI, normal control (NC), and
AD using structural magnetic resonance imaging (sMRI) from the Alzheimer's disease
Neuroimaging Initiative (ADNI) dataset (50 AD, 50 NC, 50 MCI subjects). FreeSurfer
is used to process these MRI data and obtain cortical features such as volume, sur-
face area, thickness, white matter (WM), and intrinsic curvature of the brain regions.
These features are modified by normalizing each cortical region's features using the
absolute maximum value of that region's features from all subjects in each group of
MCI, NC, and AD independently. A total of 420 features are obtained. To address
the curse of dimensionality, the obtained features are reduced to 30 features using a
sequential feature selection technique. Three classifiers, namely the twin support
vector machine (TSVM), least squares TSVM (LSTSVM), and robust energy-based
least squares TSVM (RELS-TSVM), are used to evaluate the classification accuracy
from the obtained features. Five-fold and 10-fold cross-validation are used to vali-
date the proposed method. Experimental results show an accuracy of 100% for the
studied database. The proposed approach is innovative due to its higher classification

accuracy compared to methods in the existing literature.
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1 | INTRODUCTION

Alzheimer's disease (AD) affects the functional and structural parts of the human brain, which results in cognitive decline and, ultimately, death. It
is currently a growing threat to individuals, particularly those above 65 years of age, and it is dangerous because its odds of getting AD double
every five years after 65 years of age. Environmental and hereditary influences play a critical role in the advancement and onset of the disease.
There has been a reduction in deaths due to heart disease, prostate tumours, breast cancer, human immunodeficiency virus (HIV), and strokes by
16%, 8%, 2%, 42%, and 23%, respectively. On the other hand, deaths due to AD have increased by 68% (Alzheimer's, 2015). There are about
36 million people with AD globally, and this figure may rise to 115 million by the end of 2050 (Brookmeyer, Johnson, Ziegler-Graham, &
Arrighi, 2007). Recently, Tanveer et al. (2020) presented an updated review of the diagnosis of AD using machine learning techniques.

The diagnosis of AD includes investigation of an individual's history, clinical perceptions, and incident history from associates. The intellectual
decline of individuals can be measured using the mini-mental state examination (MMSE) and clinical dementia rate (CDR). However, these
methods are tedious and cannot determine past changes in the brain that can be markers for the progression of AD. For the diagnosis of early
AD, it is crucial to develop automated methods that can help experts suggest treatments that can slow the progression of the disease.

In recent years, there has been significant research focus on determining the early stages of AD. Machine learning algorithms based on single
or multiple biomarkers for the classification task are widely used for the prediction of AD and mild cognitive impairment (MCI), Neuroimaging is
the latest biomarker added in this field and gives reliable and efficient results for the identification of AD and MCI. Recent studies have shown
that multiple modalities of the same subject can be used. However, the collection of different modalities for the same subject is not easily feasible,
which results in a reduced number of subjects for study.

Electroencephalogram (EEG) data were also used in Kulkarni and Bairagi (2017) for the classification of normal control (NC) versus AD sub-
jects using a support vector machine (SVM). Mazaheri et al. (2018) used EEG recordings of word comprehension by subjects to classify MCI con-
verter (MClc) from MCI non-converter (MClnc), and NC. Some recent EEG decomposition techniques such as empirical mode decomposition
(EMD) based filtering in Gaur, Pachori, Wang, and Prasad (2015), multivariate EMD based filtering in Gaur et al. (Gaur, Pachori, Wang, &
Prasad, 2016b; Gaur, Pachori, Wang, & Prasad, 2018), single and multi-channel EMD-based filtering in Gaur et al. (Gaur, Kaushik, Pachori, Wang, &
Prasad, 2019; Gaur, Pachori, Wang, & Prasad, 2016a), and intrinsic mode function selection in Gaur, Pachori, Wang, and Prasad (2019), which
enhances the classification of two class EEG signals, motivated us to develop algorithms for better classification of AD.

Despite remarkable research on the automatic classification of MCI or AD from NC, these classification techniques are not accurate. Earlier
studies were based on either the analysis of the voxel-based morphometry (VBM) or region of interest (ROI) using classification algorithms. The
limitations of ROI- and VBM-based techniques can be overcome by high-dimensional pattern classification techniques that use a large number of
features. These techniques are effective but require high computational time as these techniques involve the extraction of a large number of fea-
tures. The normalization of features and selection of the most distinct features may enhance the results of the proposed approach and will even-
tually reduce computational time. Tanveer and Pachori (2019) explained various techniques for the diagnosis of diseases, such as time-frequency
analysis, feature extraction, and machine learning applications for the classification of different diseases.

The proposed approach in this paper performs classification for three groups of subjects (i.e., AD vs. NC, AD vs. MCI, and NC vs. MCI) using
structural MRI (sMRI). The main focus is determining whether the given subject has AD or MCI. Once pre-processing by FreeSurfer is done on
sMRI, features based on the surface area, cortical thickness, intrinsic curvatures, volume, and white matter (WM) are extracted. Surface area, cor-
tical thickness, intrinsic curvature, and volume features play a major role in prior identification of AD. The surface area, cortical thickness, and cur-
vature of brain regions change, and densities of white and grey matter are reduced due to changes in brain cells, as many of these cells die due to
AD. A total of 420 features were extracted from the pre-processed MRI data. The obtained features were normalized then sequential feature
selection technique was used to reduce the feature set to 30.

The main task in the proposed approach is classification. For this, we use classifiers such as the twin support vector machine (TSVM)
(Jayadeva, Khemchandani, & Chandra, 2007), least squares TSVM (LSTSVM) (Kumar & Gopal, 2009), and robust energy-based least squares TSVM
(RELS-TSVM) (Tanveer, Khan, & Ho, 2016) for the classification of AD, MCl, and NC.

In recent years, concepts based on constructing a different variation of non-parallel hyperplanes as in Tanveer (2015c), Tanveer and
Shubham (2017), and Tanveer (2015a)) have emerged. TSVM is an efficient classification method, and, as mentioned in Jayadeva et al. (2007), the
two non-parallel proximal hyperplanes are designed in such a way that each hyperplane is as close as possible to one class and as far as possible
from the other class. Tanveer (2015b) proposed an implicit Lagrangian TSVM classifier in which a pair of unconstrained minimization problems
(UMPs) in dual variables is formulated, whose solutions are obtained using the finite Newton method. Due to modified UMPs, it is necessary to
solve only two systems of linear equations, compared to two quadratic programming problems (QPPs) in TSVM and twin bounded SVM (TBSVM),
which makes the algorithm fast and simple. Shao, Zhang, Wang, and Deng (2011) proposed a TBSVM in which two small QPPs are solved by
adding a regularized term for empirical risk minimization to construct two non-parallel hyperplanes, compared to TSVM. Tian, Qi, Ju, Shi, and
Liu (2014) proposed a non-parallel SVM (NPSVM) in which the kernel trick can be directly applied without solving another two primal problems
for the non-linear case, compared to existing non-linear TSVMs. High computational speed has been obtained by substituting convex QPP with a

convex linear system (Kumar & Gopal, 2009). Recently, Tanveer, Sharma, and Suganthan (2019) proposed a novel general TSVM with pinball loss
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(Pin-GTSVM) that is insensitive to noise and performs better for noise corrupted datasets. To retain the sparsity in the Pin-GTSVM, Tanveer,
Tiwari, Choudhary, and Jalan (2019) proposed a novel sparse pinball twin SVM (SPTSVM) that is insensitive to outliers and retail sparsity.
Richhariya and Tanveer (2020) used universum learning for the first time to solve the class imbalance problem in which reduced kernel was incor-
porated for reducing storage and computation cost. Nasiri, Charkari, and Mozafari (2014) proposed an energy-based least squares TSVM (ELS-
TSVM) that utilizes different energy for each class and can also handle unbalanced dataset problems. Gautam et al. (2020) introduced deep kernel
regularized least squares method for one-class classification by embedding minimum variance information, which improves the classifier capability
by reducing the intra-class variance and can also work effectively with small size datasets. Tanveer et al. (2016) proposed RELS-TSVM, which
maximizes the margin with a positive definite matrix formulation to overcome the positive semi-definite matrices formulation in the cases of
TSVM, LSTSVM, and ELS-TSVM. Additionally, the RELS-TSVM algorithm does not need a special optimizer but uses energy parameters to reduce
the effect of outliers and noise, due to which the classification becomes not only stable but also robust to outliers and noise (Tanveer
et al., 2016). Recently, Tanveer et al. (2019a) provided an exhaustive analysis of 08 variants of TSVM-based classifiers along with 179 classifiers
of 17 families. The results reveal that RELS-TSVM (Tanveer et al., 2016) performed the best among all the TSVM variants.

Hence, this inspired us to use these classifiers for the classification of AD. The experiment is individually performed for each type of feature
set using TSVM, LSTSVM, and RELS-TSVM. The reduced feature set performs better than the complete feature set, which reduces the
computational cost.

The paper is organized as follows: Section 2 discusses the background and related works on the diagnosis of AD using existing machine
learning techniques. Section 3 explains the dataset and demographic characteristics of all subjects. Section 4 presents the proposed approach.
Section 5 outlines the selection of features and the details of machine learning algorithms for classification problems. Section 6 presents the
results, analysis, discussion, and a comparison of the proposed approach using the existing methods. Section 7 draws conclusions about
the work.

2 | BACKGROUND AND RELATED WORK

There is growing interest in medical imaging that employs machine learning and computer-aided techniques for the diagnosis of AD. In machine
learning algorithms, features such as voxel intensity, tissue density, and shape are used to train the classifier for classifying subjects such as those
with AD and MCI as well as NC. These techniques are either whole brain-based or ROI-based. Prior knowledge is required for accessing the brain
region in ROI-based methods as they do not include all of the information available from brain MRI.

Modern neuroimaging techniques help researchers evaluate and estimate several brain functionalities and structures that are beneficial in the
diagnosis of AD and MCI. Recognized and risk-free techniques for brain imaging exist, and these are useful for the evaluation of physiological,
anatomical, and pathological brain features with acceptable outcomes. Table 1 presents related work that has used machine learning algorithms
for the classification of AD, along with limitations and possible advantages. The table provides the dataset used in each study, types of pre-
processing operations, types of classifiers, and extracted features used for classification of the groups, namely AD, MCI, and NC. It also provides
performance measures such as accuracy (acc), specificity (spe), and sensitivity (sen), which are used to compare the results of the proposed
approach, which shows obvious improvement.

Misra et al. (2009) predicted the conversion of MCI to AD using a method based on pattern recognition that employs a baseline and longitudi-
nal scan of the brain to measure atrophic spatial patterns. The aim is to predict whether MCI will transform into AD using baseline and longitudinal
scans of region-based brain tissues. Fan, Shen, and Davatzikos (2005) utilized deformation-based morphology and machine learning techniques
for the classification of medical images. High-dimensional template wrapping was utilized to acquire a morphological ROI, and the watershed divi-
sion was used to separate the features for classification. The separated features were then ranked using SVM recursive feature elimination (RFE)
strategy. Finally, SVM was utilized for the classification of subjects using the best set of features.

Fan, Resnick, et al. (2008) used features from positron emission tomography (PET) and MRI and applied high-dimensional pattern classifica-
tion (PC) to classify AD from MCI. Wang et al. (2007) used functional connectivity from resting-state functional magnetic resonance imaging (rs-
fMRI) to discriminate AD from NC using logistic regression. An increase in positive correlation was observed between the parietal, prefrontal, and
occipital lobes while a decrease was observed for the parietal and prefrontal lobes. Davatzikos, Resnick, et al. (2008) used voxel-based analysis for
the classification of AD and frontotemporal dementia (FTD) from NC using a high-dimensional PC method. Better diagnostic accuracy was
obtained using high-dimensional multivariate discriminant analysis than using conventional measurement. Hinrichs et al. (2009) used linear pro-
gramming for the classification of AD with sMRI (T1) and fluorodeoxyglucose PET (FDG-PET) with regularization using spatial smoothness. Lépez
et al. (2009) used PCA for dimension reduction and Bayesian classifiers for classifying NC versus AD. Horn et al. (2009) used ROI-based features,
which were reduced by partial least squares (PLS) regression. The best accuracy was obtained using k-nearest neighbors (KNN) for classifying NC
versus AD. Richhariya, Tanveer, Rashid, and Alzheimer's Disease Neuroimaging Initiative (2020) used universum support vector machine-based
recursive feature elimination (USVM-RFE) technique for the diagnosis of AD. More recent techniques for the classification of AD, such as SVM,

deep learning, transfer learning, and ensemble methods, are reviewed in Tanveer et al. (2020).
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The fundamental principle behind AD classification approaches based on machine learning algorithms is the use of different brain imaging
techniques for feature extraction. A large number of features are available for the classification of AD and MCI from NC. We use features that
include WM, surface area, cortical thickness, volume, and curvature of different regions of the brain for the classification of AD and MCI. These
are presented in Tables S1 and S2.

3 | MATERIALS AND METHODS
3.1 | ADNI database

For the presented work, we obtained data from the Alzheimer's disease Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu). The ADNI
was launched in 2003 by the National Institute on Aging (NIA), the Food and Drug Administration (FDA), the National Institute of Biomedical
Imaging and Bioengineering (NIBIB), non-profit private pharmaceutical companies, and other organizations, with funding of $60 millions for the
five-year private-public partnership.

The main goal of ADNI is to examine whether PET, serial MRI, clinical, and neuropsychological assessment, and other biological markers can
be combined to measure early AD and the progression of MCI. Determination of specific and sensitive markers of very early AD progression is
intended to aid clinicians and researchers develop new treatments and monitor their effects and as well as minimize the time and cost of clinical
trials.

Michael W, Weiner, MD, VA Medical Center, and the University of California, San Francisco, is the principal investigator of this initiative.

3.2 | MRI acquisition

All the participants in this study were scanned with a GE Medical Systems MRI scanner with 1.5 Tesla field strength. The 3D T1-weighted MRI
scans were captured with the following information: sagittal acquisition plane, 3D acquisition type, 1.5 Tesla field strength, 8.0° flip angle, =1.2-
mm slice thickness, TE=3.96 ms, TI=1000.0 ms, TR=9.12 ms, and weighting=T1.

3.3 | Subjects

The ADNI dataset comprises more than 6,000 subjects with ages ranging from 18 to 96 years. From this database, we selected 150 subjects aged
between 58 and 91 years. The selected participants met the criteria defined in the ADNI protocol. The balance dataset of 150 subjects was con-
structed as follows:

1 50 NC subjects: 25 males, 25 females; average age * standard deviation (SD) =80.36 + 4.98 years, range =70 — 91 years, mini-mental state
estimation (MMSE) score =29.02 + 1.16, range =25 — 30.

2 50 MCI subjects: 30 males, 20 females; average age + SD =76.09 + 7.85 years, range =58 — 91 years, MMSE score =25.66 + 3.20, range
=18 - 30.

3 50 AD subjects: 25 males, 25 females; average age + SD =75.76 * 7.40 years, range =58 — 90 years, MMSE =20.68 + 4.70, range =5 — 27.

The complete demographic characteristics of all the selected subjects are listed in Table 2.

TABLE 2 Details of dataset

Subjects NC MCI AD

Number of subjects 50 50 50

Sex (male/female) 25/25 30/20 25/25

Age (mean + standard deviation) 80.36 + 4.98 76.09 +7.85 75.76 £ 7.40
MMSE (mean + standard deviation) 29.02 +1.16 25.66 + 3.20 20.68 + 4.70

Clinical dementia rating (CDR) (mean * standard deviation) 0.03+0.21 0.65 £ 0.44 1.05 +0.49
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4 | PROPOSED ALGORITHM

Figure 1 shows the overall scheme of the proposed method. First, the cerebral image features of both hemispheres were measured by processing
T1-weighted MRI brain images using FreeSurfer. Then, features such as volume, area, thickness, curvature, and WM volume of different brain
regions were measured. A detailed explanation of how FreeSurfer works is provided below.

To calculate area, curvature, and cortical thickness, all the T1-weighted MRI images were processed using the freely available FreeSurfer soft-
ware package v6.0.0 (http://surfer.nmr.mgh.harvard.edu). To obtain images with a relatively high contrast to noise ratio (CNR), normalization of
intensity was applied to the MRI. First, the boundary between white and grey matter was found in an image. Then, a triangular mesh consisting of
160,000 vertices in each hemisphere was formed around the WM. The grey matter surface was formed by deforming the mesh outward so that it
closely tracks the boundary between the cerebral spinal fluid (CSF) and grey matter. To measure cortical thickness, the distance between the grey
matter and WM surfaces was calculated for each vertex. Using the cortical folding pattern, the image was then registered to FreeSurfer's common
template. The neocortex of the Desikan et al. (2006) atlas was then parcellated into 68 neocortical regions comprising 34 regions from each

T1-weighted MRI

Measurement of cerebral image features using FreeSurfer software

N

Thickness Curvature White mat-

Volume of ROI Area of ROI
of ROI of ROI ter of ROI

Normalization of features using maximum value of feature from all subjects of a group/class

Normalized

Normalized Normalized Normalized cur-

Normalized
white matter
of ROI

thickness
volume of ROI area of ROI vature of ROI

of ROI

Classification of AD, NC, and MCI using TSVM, LSTSVM, and RELS-TSVM classifiers

Evaluation of performance of the proposed

FIGURE 1  Overall scheme of method using different ROIs and combined ROIs
the proposed method
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hemisphere. In each parcellation unit, the thicknesses of all the vertices were calculated and then averaged. The obtained thickness is the thick-
ness of that parcellation unit. This yielded 68 features of cortical thickness for each subject. To calculate the cortical surface area, all areas of the
mesh triangles formed on the grey matter were summed, which yielded 68 features of the cortical area for each subject. To calculate the cortical
curvature of the given surface, the curvature of vertices in two principle directions was calculated, which is the inverse of the radius of the oscu-
lating circles in the two principal directions and the average of all these curvatures, known as the cortical curvature of the parcellation unit. On
average 68, cortical curvature features were obtained per subject (Figure 2).

Next, the cortical features such as WM intensity, volume, thickness, area, and curvature of different regions of the brain were extracted from
stat files produced by FreeSurfer for all the MRIs. First, normalization of these features using the maximum absolute value of each cortical region
of the subjects of each group (i.e., AD, MCI, and NC) was done in such a way that the value of each feature lies in the range of O — 1. This was
done by dividing each feature of each cortical region by the maximum absolute value of features from that region of all subjects from the same
group. With this operation, the features that are less linearly separable become more linearly separable. Figures 3, 4, 5, 6, 7, and 8 show the distri-
bution of the first two features selected by sequential forward feature selection (SFFS) before normalization and after normalization for curvature
and all combined features. From these figures, it is clear that after normalization, features become more separable (Figures 9 and 10).

The performance of the proposed method was evaluated using TSVM, LSTSVM, and RELS-TSVM classifiers. The performance of three groups
(i.e., AD vs. NC, NC vs. MCl, and AD vs. MCI) was evaluated in terms of accuracy, sensitivity, and specificity. To validate our obtained results, we
used fivefold and 10-fold cross-validation methods.

The proposed approach can be summarized as follows:

1 First, process all the MRI images using FreeSurfer.

2 Obtain features of the desired cortical regions of the brain.
3 Normalize the features as explained in Section 4

4 Obtain the relevant features using the SFFS method.

Measured

MRI Output images
- features

Surface area

Cortical thickness

Surface  Volume

Intrinsic curvature
S — |

Volume

White matter

Diagnosis Classifiers Cross-validation
O ——————— S —
NC TSVM 5-fold CV
AD LSTSVM 10-fold CV
FIGURE 2 Systematic block
MCI RELS-TSVM diagram for automatic
detection of AD
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FIGURE 3 Normalization of AD and NC using curvature

FIGURE 4 Normalization of AD and MCI using curvature

FIGURE 5

Normalization of NC and MCl using curvature

FIGURE 6 Normalization of AD and NC using all features
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5 Perform classification.

6 Validate the classification results.

5 | PROPOSED APPROACH FOR THE CLASSIFICATION OF AD

We used TSVM, LSTSVM, and RELS-TSVM for the classification of AD. Figure 2 is a systematic block diagram of stepwise classification stages of
AD prediction for the proposed approach. First, the obtained raw MRI from ADNI was processed by the freely available FreeSurfer software, and
then features such as cortical thickness, surface area, curvature, volume, and WM were extracted. After extracting the individual features, all the
ROI were normalized within the groups. The normalization of features was followed by SFFS to obtain the most relevant features. Finally, these

relevant features were used for the classification of AD.

5.1 | Effective feature selection

In the analysis of neuroimages, a large number of features is involved compared to the number of subjects, which gives rise to the curse of dimen-
sionality. To combat this effect, we applied an efficient and widely used SFFS method in the proposed approach. Hence, we get low-dimensional
data from high-dimensional neuroimaging data.

The SFFS algorithm begins with an empty set, and the features are added sequentially in such a way that minimizes the error criteria. The
10-fold cross-validation is used internally, in which training data is divided into 10 partitions, and the subset of the selected is added feature in
each iteration based on the criteria calculated for the internal test dataset. The algorithm stops when the criteria for improvement are exhausted
or the number of predefined features is selected. In our study, the residual error is used in SFFS as the optimization function to be minimized.
Acceptable is determined by a selected subset of small features using SFFS when a suitable classifier is used. The SFFS algorithm can be described

as follows:

1 Start with a null subset S = ¢,
2 select the next higher rank feature h=arg min (Er(x U S)), x € (X = S),
3 update the feature subset S=S U h,

4 and stop if the criteria are satisfied; otherwise go to step 2.

where S is a null set, X denotes the set of all features, and Er denotes the classification error.

5.2 | Twin support vector machine (TSVM)

TSVM belongs to a class of binary classification that uses two non-parallel hyperplanes for the classification of data, instead of one hyperplane as
with conventional SVMs (Jayadeva et al. (2007)). In conventional SVMs, a large QPP is solved to obtain the hyperplane. However, in TSVM, two

small QPPs are solved to obtain two non-parallel hyperplanes. Consider a problem of binary classification in n-dimensional real space R", in which

RM %N RM2%n

m4 data points belong to class +1 and m, data points belong to class —1. Let A and B be the matrix in and representing the data
points of one class (class +1) and the other class (class —1), respectively. For the given binary classification problem, the two non-parallel hyper-

planes in R" of linear TSVM can be expressed as follows (Figure 11):

. 1 T
min —(Aw(i) +e2b(1)) (Awm +e2b(1)) +ag]|&q|
w“),bm 2 (1)
subjectto — (me + elb(l)) +&1zeq, & 20,
. 1, 2 @\ (g @
min —(Bw +eib ) (BW +e1b >+02H§2H
w®@ p@ 2 (2)
subject to (Aw(2> +e2b(2)) +&zer, &20,

where w and w® are weight vectors, e; and e, are vectors of suitable dimensions, whose all elements are of unit magnitude, a, and a, are posi-

tive penalty parameters, b and b® are biased values, and &4 and &; are slack variables.
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FIGURE 11 Geometrical interpretation of TSVM
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The Wolfe duals of QPPs (1) and (2) were solved in Jayadeva et al. (2007). The QPPs (1) and (2) in terms of Lagrangian multipliers acR™ and
BER™ are given by (3) and QPPs by (4), respectively.

1 _
max ela— EaTQ(PTP) 1QT(1

subjectto O<a=say,

and

T 1 T T~\ " 1or
max  efp->pP(Q'Q) Pp

subjectto O<p<ay,

respectively.
Here P=[A ey]andQ=[B e4]. The solution of QPPs shown in (3) and (4) provides the non-parallel hyperplanes of (d), which are given
by (5) and (6), respectively.

vi=-— (PTP)_lQTa, where vy = [w<1) b(l)]T (5)

V2=(QTQ)71PT/3, where v, = [W<2> b<2>]T ©

It is advantageous for bounded constraints to solve two QPPs as this reduces the number of parameters of QPPs (3) and QPP (4), which are
m4 and m,, respectively, when compared with parameters | = m; + m, of QPPs of SVM. However, it should be noted that TSVM requires inversion
of the matrix twice of size (n + 1) x (n + 1) in addition to solving dual QPPs (3) and QPPs (4), where n < I. Support vectors that are important in
determining the hyperplanes (1) are defined by data points for which 0 < a; < a4(i = 1, 2, ..., mp) or 0 < §; < a,(j = 1, 2, ..., m4), and the support vec-
tors lie on the corresponding hyperplane.

Here, P™F or Q"% is always positive semidefinite, so it is possible that in some situations it is not well-conditioned. To avoid this condition, the
inverse matrices (PP)~! of (5) are replaced by (P'P + sl)~* and that of (6) is replaced by (Q'Q + 1)1, where | represents the identity matrix and &
represents a scalar with a very small positive value. Thus, the modified dual problems (3) and (4) can be expressed as follows:

1

Qa

max eIa—%aTQ(PTP+61)_

subjectto O<a=<ay
and
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Vi 2772 (8)
subjectto O<p=<ay,
respectively.
Thus, the solution of @ and g QPPs (7) and (8) gives the two non-parallel hyperplanes as follows:
wil) -1
w@ ; -
{b@} -[Q Q+5l] PTp. (10)

After obtaining the non-parallel hyperplanes. A new data point x € R" is assigned a label of class +1 or —1 on the basis of its shortest perpen-

dicular distance from two hyperplanes, and the class label value is given as follows:

T -+ b:
Classi=arg ,@ig% (11)
=1 i

For non-linear classification problems, TSVM can be used by replacing two linear kernels with two non-linear kernels generated by surfaces
as follows:

K(xT,cT)u<1> +7V=0 and K(xT,cT> u@ 442 =0, (12)

A
where C= [B} and K is an arbitrary kernel. Corresponding to the surface (12), the primal QPPs of non-linear TSVM can be expressed as follows:

min %H(K(A,CT)U(l)+ez}'<1)>H2+01H51H

u®, (0 (13)
subject to —K(B,CT) u® +eyWy+g 2ey, 20,
o 3| k(BT e [ el "

subject to K(A,CT>u(2) +ey?)+& 2y, £20.

The duals of QPPs (13) and (14) can also be solved to obtain the hyperplanes (12). It should be noted that the solution of non-linear TSVM
also requires the inversion of two matrices of order m; x m; and m, x m, along with the solution of two QPPs. In addition, it should be noted that
TSVM may fail in some cases where the dataset is perfectly symmetric. This problem can be reduced by either using non-linear kernels or by
slightly shifting a point, which disturbs the symmetry. Jayadeva et al. (2007) showed experimentally using University of California Irvine (UCI)
machine learning datasets that TSVM performance is better than that of a generalized eigenvalue proximal support vector machine (GEPSVM)
and conventional SVM in the case of linear and non-linear kernels. The TSVM can be trained four times faster using a linear kernel compared to
conventional SVM (Jayadeva et al., 2007).

5.3 | Leastsquares TSVM (LSTSVM)

Kumar and Gopal (2009) also explored LSTSVM for which two non-parallel hyperplanes are solved, similarly to TSVM (??). In LSTSVM, the training
data points are assigned close to one of the two non-parallel proximal hyperplanes and far from the other hyperplane. LSTSVM is a simple and fast
algorithm that only requires a solution to a system of linear equations to achieve both linear and non-linear classifiers. The QPP (15) uses the
square of the two-norm of slack variables a; with weight % instead of the one-norm of &; with weight a4, as in (??), which makes the constraint
&1 > 0e4 redundant. The optimization problems of LSTSVM can be expressed as follows:
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1 T
min = (Aw<1) + ezbm) (Aw(i) + ezb(1>) + %Hﬁ |1

w,p® 2 (15)
subjectto - <Bw(1) +elb(1)) +&1=eq,
1 T
min, ~(Bw? +e1b?) " (Bw® +esb®) + Z gy
w@,p@ 2 (16)

subject to (Aw(2> + ezb(2)> +&=e.

The linear LSTSVM fully solves the classification problems by simply finding the inverse of two matrices with much smaller dimensions of
order (n + 1) x (n + 1), where n<| (Kumar & Gopal, 2009). After solving the QPPs (15) and (16), the following two systems of linear equations can
be solved to obtain the two non-parallel hyperplanes:

1) _

{\;’(1)} =— {ﬂlQTQ’f PTP] 1alQTel, (17)
) _

{‘2/(2) :| = [GzPTP+ QTQ} 102PT62, (18)

where P=[A e,], Q=[B e4],and a4 and a, are some positive penalty parameters.

A new datapoint x € R" is assigned a class label of +1 or —1 based on its perpendicular distance from two hyperplanes.

5.4 | Robust energy-based least squares TSVM (RELS-TSVM)

Consider a binary classification problem in which matrix AGR™ *" represents data points of class +1 and matrix BER™*" represents data points of
class —1.

The linear RELS-TSVM (Tanveer et al., 2016) includes a pair of minimization problems as follows:

2
1 T
(Awm + ezb(l)) <Aw(1) + e2b<1>) + %15151 + %3

. w®
e 2 bV (19)
subjectto — (Bw(1> +e1b(1)) +& =E1,
in Llaw® +eb®) (Aw® +ep®) 4+ 2Tz 4 4 w@ ]|
9 + + + = + =
w(zJTrlzr)],am 2( w' +eq ) ( W teg ) 25252 2| 0

subject to (Aw(2> +€2b(2)> +&H=E,

where e; and e, are the vectors of ones of suitable dimensions, a4, a,, as, as > 0 are penalty parameters, and E; and E, represent the energy
parameters of the hyperplanes.
The QPP (19) can be solved as follows:

~1
Z=— (a1QTQ+PTP+a31) a1Q"E, (21)

(1)

w
where z4 = {

B } . In a similar way, the solution of QPP (20) is given by following equation:

-1
Zp= (azPTP+QTQ +G4’) aP"Ey, (22)
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(2)
where z, = {‘2’(2)] P=1[A e;], Q=[Bey]. The following decision function is used to assign the class label i = {+1,—1} to unknown data
point x;€R™
1) +epD
+L ‘X'W<z> eZ@)‘ <1
xw@) +e
f(xi) = ' (23)
xw(® +eb™®
-1, if | -1 >1
xw@ +ep?

6 | EXPERIMENTAL RESULTS AND ANALYSIS
6.1 | Permutation testing

The statistical importance of the classifier can be calculated using permutation tests. In addition, the performance of the classifier can be evalu-
ated using the test error as a statistic, which gives the dissimilarity between two classes as evaluated in Golland and Fischl (2003). The evaluation
process begins with the choice of the test statistics of the classifier and the allocation of arbitrary labels to the classifier by permuting the class
labels for the training dataset. Cross-validation (CV) is involved in permutation testing, in which a randomly permuted class label is given to the
diagnostic dataset. This leads to the misprediction of clinical data labels due to the distribution of classification results under the null hypothesis.
The significance of a classifier can be indicated by p value, which is defined as the permuted estimation rate against the estimation rate with the
original data labels. In our work, we use fivefold CV and 10-fold CV methods and carry out binary classification of AD using TSVM, LSTSVM, and
RELS-TSVM.

6.2 | Performance evaluation methods

The performance of the proposed algorithm was evaluated using the TSVM, LSTSVM, and RELS-TSVM classifiers. Table 3 depicts the confusion
matrix, which can be used to evaluate the binary classification performance of classes A and B. The number of correctly predicted values by the
classifier is indicated by the diagonal elements of the confusion matrix. The correctly identified controls can be represented by further dividing
the elements into true negative (TN) and true positive (TP). Similarly, the classes that are wrongly classified by the classifier can be represented by
false negative (FN) and false positive (FP).

The portion of the subjects correctly labeled by the classifier can be measured by accuracy (acc), which is defined as follows:

TP+TN
2 Tp TN+ FP AN’ 2

If the dataset has a highly unbalanced class distribution, then the accuracy as defined in Equation (24) may not be the correct performance
measure. Therefore, two other performance measures were used, namely specificity (spe) and sensitivity (sen), which are defined below as

follows:

TN

PEEINTFP 2
TABLE fusi i
3  Confusion matrix Predicted class
True class A B
A TP FP

B FP TN
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(26)

The rate of TNs is measured by the spe as defined in Equation (25) while the rate of TPs is measured by the sensitivity as defined in
Equation (26).

6.3 | Classification results and analysis

In this paper, the features extracted by the FreeSurfer are used by three classifiers to evaluate the performance of the proposed algorithm. The
main aim is to develop a method that can distinguish healthy (normal) subjects from AD and MCI patients. In the first case, we trained all three
classifiers with obtained features from AD and NC MRI scans (group 1 analysis).

6.3.1 | Classification results for NC and AD

In this section, the classification results for distinguishing AD and NC subjects are presented. For this group analysis, we used 50 AD subjects and
50 NC subjects, of which 40 subjects from each group were used to train the classifiers, and the remaining 10 subjects of each group were tested
using three classifiers (i.e., TSVM, LSTSVM, and RELS-TSVM). The acc, spe, and sen for the various features are given in Table 4. The lowest acc

was obtained for volume using TSVM. The highest acc of 100% was obtained for all the classifiers using cortical curvature and for all the features

TABLE 4  Classification results in percentage (%) for NC versus AD

Classifier Performance in (%) White matter Volume Area Thickness Curvature All combined
TSVM acc 75.5 54 99.5 94.5 100 100

sen 69 80 100 96 100 100

spe 82 28 99 93 100 100
LSTSVM acc 79.5 72.5 100 98.5 100 100

sen 86 74 100 98 100 100

spe 73 71 100 99 100 100
RELS-TSVM acc 81.33 54.67 100 95.33 100 100

sen 73.33 67.33 100 96 100 100

spe 75.72 64.36 100 96.18 100 100

105 |

5100 100 00 100 100 00 100 100
106 99,5100 1 o 100 100 100 100 100 10(

o5l 915|033

90 |

Accuracy in percentage (%)
S
I

551 51 167

50 I

White matter ~ Volume Area Thickness Curvature  All Combined

l"TSV‘\l' LSTSVM, RELS-TSVM FIGURE 12 Classification accuracy for AD versus NC
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combined. Hence, combining all the features increases the acc, spe, and sen. For WM analysis, the lowest acc of 75.5% was obtained by TSVM,
and the highest acc of 81.33% was obtained by linear RELS-LSTSVM. For volumetric analysis, the lowest acc of 54% was obtained by TSVM, and
the highest acc of 72.5% was obtained by LSTSVM. For cortical area analysis, the lowest acc of 90.5% was obtained by TSVM, and the highest
acc of 100% was obtained by LSTSVM and RELS-TSVM. For cortical curvature analysis, all the three classifiers had acc of 100%. Figure 12 shows
all the classification acc.

TABLE 5

1
TSVM

LSTSVM

RELS-TSVM

Classification results in percentage (%) for NC versus MCI

Performance (%)
acc
sen
spe
acc
sen
spe
acc
sen

spe

White matter
89.5

93

86

82

82

82

79.33

92

91.64

FIGURE 13 Classification accuracy for NC versus MCI

TABLE 6

Classifier

TSVM

LSTSVM

RELS-TSVM

Accuracy in percentage r/r:
) =)

Volume
50.5

78

23

63.5

66

61

76
46.67
58.82

105
100
89.5

90

80 79.3

White matter

Classification results in percentage (%) for AD versus MCI

Performance (%)
acc
sen
spe
acc
sen
spe
acc
sen

spe

White matter
715

80

63

76

74

78

71.33

78

77.52

Volume
62.5

62

63

78

80

76
54.67
54.67
55.1

Area
90
93
87
98.5
99
98
96

96
96.25

90

76

63.5

50.5)

Volume

Thickness
84

82

86

90.5

86

95

87.33
85.33
86.47

98.5
96

90.5

Area Thickness

Curvature
99

98

100

99

98

100

98

100

100

9 99 99.5100 100

Curvature  All Combined

[ll'l'SVI\l, LSTSVM, RELS-TSVM

Area
94.5
90
99
100
100
100
100
99.33
99.38

Thickness
79

79

79

91

94

88

68.67

84

81.35

Curvature
99.6

100

100

100

100

100

100

100

100

All combined
99.5

99

100

100

100

100

100

100

100

All combined
100
100
100
100
100
100
100
100
100
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FIGURE 14 Classification accuracy for AD versus MCI
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TABLE 7 Comparison of the proposed approach with existing approaches

Approach Features Groups Classifiers Accuracy (%)
Hosseini-Asl, Gimel'farb, and El-Baz (2016) Volumetric, intensity and cortical NC versus AD Random Forest 83.00
thickness MCI versus AD 68.00
HC versus MCI 67.00
HC versus MCI versus AD 54.00
Zhang, Yu, Jiang, Liu, and Tong (2012) Textural AD versus NC 1-NN 89.0
ANN 98.50
Zheng, Yao, Xie, Fan, and Hu (2018) Volume, surface area cortical NC versus AD SVM 98.70
thickness sulcal depth NC versus MCI 97.93
MCI versus AD 73.82
sMCl versus pMCI 67.92
Proposed approach Cortical features TSVM 100
LSTSVM 100
AD versus NC RELS-TSVM 100
TSVM 100
LSTSVM 100
AD versus MCI RELS-TSVM 100
NC versus MCI TSVM 99.5
LSTSVM 100
NC versus MClI RELS-TSVM 100

6.3.2 | Classification results for NC and MCI

For the classification of NC from MCI, we used 50 subjects from each group. Table 5 shows the performance measures such as acc, sen, and spe
for feature sets obtained using TSVM, LSTSVM, and RELS-TSVM classifiers for NC and MCI. For every classifier input, we divided each group into
a set of 40 and 10 subjects. For each group that is, NC and MCI) a set of 40 subjects was used to train the classifiers, and a set of 10 was used to
evaluation classification performance. Figure 13 shows the classification acc for NC and MCI. It shows that the volume features had the lowest
acc of 50.5% when TSVM was used for classification. Cortical curvature and all features combined had the highest acc of 100% when LSTSVM
and RELS-TSVM were used. Therefore, combining all features increased not only the classification accuracy but also improved other performance
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parameters such as sen and spe. In the case of volume, the highest acc of 76% was obtained using RELS-TSVM. The lowest acc of 90% and the
highest acc of 98.5% were obtained by TSVM and LSTSVM, respectively, when cortical areas were used as features. When all features were com-

bined, sen and spe of 100% were obtained. Table 5 shows the performance parameters for the various feature sets.

6.3.3 | Classification results for AD and MCI

Table 6 shows the classification results for AD and MCI subjects. For this analysis, we used 50 subjects from each group. For training classifiers
and testing, each group was divided into sets of 40 and 10 subjects, respectively. All three classifiers (i.e., TSVM, LSTSVM, and RELS-TSVM) were
trained, and the performance measures were evaluated using the predicted values of class levels. Figure 14 shows the classification accuracies
obtained by TSVM, LSTSVM, and RELS-TSVM classifiers using the various feature sets of AD and MCI. An acc of 100% was obtained by all the
three classifiers when cortical curvature was used as a feature. The same acc was obtained when all features were combined. The lowest acc of
54.67% was obtained for volumetric analysis using RELS-TSVM. For WM, the lowest acc of 71.33% was obtained by RELS-TSVM, while the
highest acc of 74% was obtained by LSTSVM. Comparatively higher acc values were obtained for cortical area features. For all features combined,
sen of 100% and spe of 100% were obtained. Table 6 summarized all of the performance parameters.

Overall, our results show that LSTSVM and RELS-TSVM perform better than TSVM in most cases. Among the five cortical feature sets, WM,
volume, area, thickness, and curvature performed better. In addition, the volume of different regions cannot produce satisfactory results. It can be
concluded that the normalization technique we used, combined with classifiers such as LSTSVM and RELS-TSVM, is a better option for overall
classification between AD-NC, AD-MCI, and NC-MCI due to the high acc values. Hence, our proposed approach is highly effective for the classifi-

cation of AD. Table 7 compares our proposed approach with existing approaches.

7 | CONCLUSIONS

The accurate diagnosis of AD and MCl is essential for both research and patient care. To delay or alleviate the progression of AD, preventive mea-
sures play an important role. The classification task is a major challenge because of the small number of training samples compared to the large
number of features. The proposed approach performs better than some existing methods for AD classification in terms of acc, sen, and spe. In our
study, we investigated TSVM, LSTSVM, and RELS-TSVM for the classification of AD, MCl, and NC. For the classification of AD, LSTSVM performs
better than TSVM, and RELS-TSVM performs better than both TSVM and LSTSVM. Further, the classification acc of AD improves by applying
SFFS for feature selection.

In the future, we plan to analyze the combined effects of more modalities, such as PET and functional MRI (fMRI) with sMRI for the classifica-
tion of AD. In addition, other modalities such as the combination of EEG and MRI can be analysed. We also plan to investigate the more recent

neuro-imaging modality magnetoencephalography (MEG) in our future work.
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