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Abstract

In this study, we develop a novel nonlinear metric learning method to im-
prove biomarker identification for Alzheimer’s Disease (AD) and Mild Cognitive
Impairment (MCI). Formulated under a constrained optimization framework,
the proposed method learns a smooth nonlinear feature space transformation
that makes the mapped data more linearly separable for SVMs. The thin-plate
spline (TPS) is chosen as the geometric model due to its remarkable versatility
and representation power in generating sophisticated yet smooth deformations.
In addition, a deep network based feature fusion strategy through stacked de-
noising sparse auto-encoder (DSAE) is adopted to integrate cross-sectional and
longitudinal features estimated from MR brain images. Using the ADNI dataset,
we evaluate the effectiveness of the proposed feature transformation and feature
fusion strategies and demonstrate the improvements over the state-of-the-art

solutions within the same category.
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1. Introduction

Alzheimer’s Disease (AD), the most common form of dementia, affects more
than five million Americans in 2015 [1]. AD is characterized by rapid forgetting,
disorientation in time, and wayfinding difficulties severe enough to impair day
to day activities. While the cause and mechanism of AD are still not well
understood, it is commonly believed that the pathophysiologic process of AD
takes place years or even decades before clinical symptoms develop. Individuals
with amnestic Mild Cognitive Impairment (MCI) condition have been shown to
have a high likelihood of progression to AD, with an annual conversion rate of
5—10% [2].

As no evidence yet suggests that the pathophysiologic progression in AD can
be reversed, it is of great importance to make accurate diagnosis and initiate
treatments at the earliest stages of AD, including MCI and presymptomatic
states.

Identification and validation of biological markers (biomarkers) for AD/MCI
are crucial in this pursuit. S-amyloid, total tau and phospho-tau-181 in cere-
brospinal fluid (CSF) are three well-accepted CSF biomarkers of neurodegen-
eration helpful for AD diagnosis. Neurodegeneration biomarkers, such as at-
rophy in hippocampi, can also predict further cognitive declines in MCT [3].
Neuroimaging modalities, including Magnetic Resonance Imaging (MRI) and
Positron Emission Tomography (PET), provide non-invasive approaches to mea-
sure the accepted biomarkers, as well as search for new biomarkers in CSF and
brain structures.

The Alzheimer’s Disease Neuroimaging Initiative (ADNI) [4] has provided
a wealth of new data including structural and functional MR images to sup-
port the research on intervention, prevention and treatments of AD. Significant

research efforts have been conducted using ADNI data to identify neuroimage



biomarkers for the diagnoses of AD/MCI and various mixed pathologies. Ma-
chine learning techniques are widely employed, and there is a pressing need to
refine the solutions of feature extraction, transformation and fusion to achieve
more accurate patient classification.

Metric functions are a pivotal component of distance-based machine learn-
ing solutions, e.g., k-NN and k-means. Many pattern classification algorithms
rely on the Euclidean metric to compute pairwise dissimilarities, which assigns
an equal weight to each feature component. Replacing the Euclidean with a
metric learned from the inputs can often improve the algorithm’s performance
significantly [5, 6]. Learning such a metric is equivalent to learning a feature
transformation [5]. Depending on the transformation to be sought, metric learn-
ing (ML) can be divided into linear and nonlinear groups [6]. Linear models
[7, 8,9, 10, 11, 12] commonly attempt to estimate a “best” affine transforma-
tion to deform the feature space, such that the resulted pairwise Mahalanobis
distances would well agree with the supervisory information brought by training
samples. While easy to use and convenient to optimize, linear models possess
limited expressive power and separation capability in handling data with non-
linear structures. Nonlinear models [13, 14, 15, 16, 17, 18, 19, 20] are usually
designed through kernelization or localization of certain linear models. The
idea of localization is to build an overall nonlinear metric through combina-
tion of multiple piecewise linear metrics that are learned based on either local
neighborhoods or class memberships. Although the multi-metric strategies are
commonly more powerful in accommodating nonlinear structures, generalizing
these methods to fit other classifiers than k-NN is not trivial. To avoid non-
symmetric metrics, extra cares are often needed to ensure the smoothness of the
transformed feature space.

Feature extraction and fusion from the ADNI database is also in great need
of further exploration. In neuroimaging applications, features are commonly
sought at three levels: voxel, patch and regions of interest (ROI). For structural
features extracted from brain MRIs, cortical thickness [21], volumetry of brain

structures [22, 23] and voxel tissue probability maps [24, 25] across the whole



brain or around certain ROIs, are among the popular choices. Patch-based
solutions [25, 26, 27], first dividing the original image into small-sized patches
and then extracting their feature vectors, have gained great popularity in recent
years. Patch extraction is relatively easy to carry out, as it does not require
ROI identification or image segmentation. Comparing with voxel features, patch
features can still very well capture subtle brain changes, but with greatly reduced
dimensionalities. While impressive classification results have been reported,
most studies use either cross-sectional features obtained at one point in time [28,
29, 25, 27, 30, 31, 32], or “static” longitudinal volumetric information acquired
at two or multiple time points but only through structural segmentation [33, 34,
35]. In part due to the unavailability of deformation data in ADNI, “dynamic”
longitudinal information such as the atrophies at various gray matter (GM)
areas, which is a major hallmark in the progression of AD, has not been fully
utilized in the literature.

Deep learning models, which have recently revolutionized many domains
of artificial intelligence (AI) including image search and speech recognition,
may provide a set of successful methods to enhance fusion of multi-modality
neuroimaging data, allowing improved clinical reliability in AD/MCI diagnoses
[36, 25]. The main promise of deep learning is replacing handcrafted features
with multiple levels of representations of the data, obtained via (unsupervised)
learning. These representations, each corresponding to a level of abstraction,
form a hierarchy of concepts. Inspired by these significant developments in Al,
we exploit deep neural networks in our study to build a feature fusion architec-

ture to incorporate cross-sectional and longitudinal information.

1.1. Contributions and paper overview

In this paper, we propose to improve the quality of AD/MCI neuroimage
biomarker identification along two directions: 1) feature space transformation
through a novel nonlinear metric learning (ML) technique, and 2) extraction
and integration of dynamic longitudinal atrophy features into the classification

framework. The proposed ML solution is a generalization of linear ML through



the application of a deformable geometric model — the thin-plate spline (TPS)
- to transform the feature space in SVMs. Toward the integration of longitudi-
nal information, we explore different choices, and adopt a deep neural network
model — multi-modal stacked denoising sparse auto-encoder (MM-S-DSAE), to
fuse cross-sectional (baseline) and longitudinal atrophy (yearly change at base-
line features extracted from MR brain images.

The remaining sections of this paper are organized as follows: We start with
the presentation of our TPS-SVM solution in section 2. Then, in section 3, we
describe the data and features used in our experiments for AD/MCI diagnosis,
where TPS-SVM is employed as the final classifier. In section 4, we present the
experimental results and evaluate the performance of individual components
and the overall pipeline. Finally, we conclude this paper with more discussions

and future directions in section 5.

2. Thin-Plate Spline (TPS) Based Nonlinear Feature Transformation

Most of the existing ML solutions rely on pairwise distances among training
data points to seek optimal feature transformations, and therefore they are best
suited to improve nearest neighbor (NN) based algorithms, such as k-NN and
k-means. Typically, metric learning algorithms are utilized as a preprocessing
step, followed by the application of the learned metric or transformation to the
ensuing classification or clustering algorithms. However, it has been empirically
demonstrated in [37] that such “feature-transform-then-classification” strategy
does not always improve the performance of the ensuing classifiers, especially
those that are non-NN based. In recent years, ML has been applied to SVM
models [37, 38]. To date, however, the existing SVM-based ML models employ
only linear transformations, limiting their capabilities in dealing with complex
data.

The nonlinear feature transformation solution proposed in this study is a
direct generalization of linear metric learning through the application of de-

formable geometric models to transform the entire feature space. We choose the



thin-plate splines (TPS) as the transformation model, as TPS are well-known
for their remarkable versatility and representation power in accounting for high-
order deformations. The nonlinear feature transformation and the SVM clas-
sifier are simultaneously optimized through an efficient EM-like (expectation-
maximization) algorithm. To the best of our knowledge, this is the first work
that utilizes nonlinear dense transformations, or spatially varying deformation
models in metric learning, with a specific design for SVMs. In the coming
paragraphs, we will describe the theoretical background of the TPS under the
general context of geometric transformations, then present our proposed TPS

Metric Learning for Support Vector Machines (TML-SVM) model.

2.1. TPS transformation

When utilized to align a set of n corresponding point-pairs u; and v;, (i =
1,...,n), a TPS transformation is a mapping function f(x) : R — R? within a
suitable Hilbert space H, that simultaneously matches u; and v; and minimizes
the following TPS smoothness penalty functional:

mn =i = o3 L [y [Tas

m _RE® ail...aql ) Ozt ... Ozl i 7
(1)
where D™ f is the matrix of m-th ! order partial derivatives of f(-), with ay
(k =1,2,...,d) being positive. dX = H;‘l:1 dz;, and z; are the components of
x. The classic solution of Eqn. (1) has a representation in terms of a radial basis

function (TPS interpolation function),

fr(0) =Y wiG(llx —xil) + €' x+e,  (k=12...d) (2)
=1
where fj is the kth vector component of f(-), ||.|| denotes the Euclidean norm

and {¢;} (i = 1,2,...,n) are a set of weights for the nonlinear part. £ and ¢

Im is a positive integer. In order to bound the mapping function f(-) within a reproducing

kernel Hilbert space endowed with the seminorm JZ (f), it is necessary and sufficient that

2m — d > 0. Please refer to [39] for more details and proof.



are the weights for the linear part. The corresponding radial distance kernel of
TPS, which is the Green’s function to solve Eqn. (1), is as follows:
[|lx — x| |*™ %n||x — x4||, if 2m — d is even;
G(x,x;) = G([[x —x|) o 3)
[|x — x;||*™, otherwise.
For more details about TPS, we refer readers to [40, 39].

The TPS transformation for point interpolation, as specified in Eqn. (2), can
be employed as the geometric model to deform the input space for nonlinear met-
ric learning. Such a transformation would ensure certain desired smoothness as
it minimizes the bending energy J& (f) in Eqn. (1). Within the metric learning
setting, let x be one of the training samples in the original feature space X of d
dimensions, and f(x) be the transformed destination of x, also of d dimensions.
Through a straightforward mathematical manipulations [41], we can get f(x)
in matrix format:

G(x;x1)
f) =Lx+¥ | ... | =Lx+VG(x), (4)

G(x,%p)
where L (size d x d) is a linear transformation matrix, ¥ (size d x p) is the weight
matrix for the nonlinear parts, and p is the number of anchor points (x1, .. .,X},)
to compute the TPS kernel. We can use all the training data points as the anchor
points. However, in practice, p anchor points are extracted through k-medoids

method [42, 43] under the consideration of reducing computational cost.

2.2. TML-SVM

The standard SVMs simultaneously minimize the empirical classification er-
ror and maximize the geometric margin. In the context of metric learning, the
feature space is transformed and therefore additional constraints need to be im-
posed to ensure the notion of mazimum margin remains meaningful. To this
end, we adopt the Margin-Radius-Ratio bounded paradigm [44, 38] as such an

enforcer, as described below.



Given training dataset X = {x;| x; € R%,i = 1,--- ,n} together with the
class label information y; € {—1,+1}, our proposed TML-SVM jointly learns a
nonlinear transformation f(-) and a SVM classifier:

1 n
T = I+ G 3+ ol

s.t. yi(wl f(xi)+b)>1—6&, &>0, Vi=1...n; (I1& II)

min
L,U,w,b

(5)
[f(xi) —xc||* <1, Vi=1...n; (III)

P P
Z‘I’fz(% Z\pfxfzo, Vk=1...d. (IV)
i=1 i=1

f() is in the form of Eqn. (4), ¥* is the kth column of ¥, and x* is the kth
component of x. In addition to the components for the traditional soft margin
SVMs, another component || ¥]/%, the squared Frobenius norm of ¥, is added
to the objective function as a regularizer to prevent overfitting. C7 and Cs
are two trade-off hyper-parameters. The first two nonequivalent constraints (I
and IT) are the same as used in traditional SVMs. The third nonequivalent term
(I1I) is a unit-enclosing-ball constraint from the Margin-Radius-Ratio paradigm,
which forces the radius of minimum-enclosing-ball to be unit in the transformed
space and avoids trivial solutions. x. is the center of all samples. The last
two equivalent constraints (IV) are used to maintain the properties for TPS
transformation at infinity.

To solve this optimization problem, we propose an efficient EM-like iterative
minimization algorithm by updating {w,b} and {L, ¥} alternatingly. Firstly,
we centralize the input data: x; < x; — %Z?:l X;, so the unit-enclosing-ball
constraint can be simplified to || f(x;)[|* < 1.

With {L, ¥} fixed, f(x;) is explicit, and Eqn. (5) can be reformulated as:

: Lo -
wp I =gV e

(6)
s.t. yi(wa(xi) +b)>1-&, &>0, Vi=1...n.
This becomes exactly the primal form of soft margin SVMs, which can be solved

by off-the-shelf SVM solvers.



With {w, b} fixed, Eqn. (5) can be reformulated as:

min J=C1» &+ Coll¥[%

=1
st (W) +0) > 1—&, &>0, Yi=1..m
Ifx)* <1, Vi=1...m

P

ixpf:o, > Uixi =0, Vk=1...d.
i=1

=1
By using hinge loss function, we can eliminate variables &;, and reformulate
Eqn. (7) as:

min J =G ;max[o, 1—ya(w f(x:) + b)]° + Col| ¥ |7

)

st Ifx)IP<1, Vi=1...n; (8)
P P
dwF=0, Y ¥ixi=0,Vk=1...d
i=1 =1
As the squared hinge loss function is differentiable, it is not difficult to
differentiate the objective function w.r.t. L and ¥. Thus, we can use a gradient

based optimizer to get a local minimum for Eqn. (8), with the gradient computed

as:
% =-2C, Z; max|0, 1 — yi(WTf(Xi) + b)](ylwéT(xl)) 420,
o7 - )
57 526 > max[0, 1 — yi(w f(x:) + b)) (yiwx])

=1
To sum it up, the optimal nonlinear transformation defined by {L, ¥} along
with the optimal SVM classifier coefficients {w, b} can be obtained by an EM-
like iterative procedure, as described in Algorithm 1.
The algorithm is initialized with an identity matrix for L, a zero matrix
for ¥, and two step tolerances €y 4p and e€rg for TPS and SVM parameters,

respectively. After each iteration, we check the updates of the TPS parameters,

IWe use a SQP based constrained optimizer “fmincon” in Matlab Optimization Toolbox
to solve Eqn. (8). In practice, the convergence for the second inner step is not necessary, so

we use an early stop strategy to speed up the whole algorithm.



Algorithm 1 TPS Metric Learning for SVMs (TML-SVM)
Input: training dataset X = {x;| x; € R, i =1,--- ,n},

class label information y; € {—1,+1}
Initialize: Y =0, L =1
Centralize the input data: x; + x; — =
Iterate the following two steps:
(1) Update {w,b} with fixed {L, U} :
Compute the transformed data f(x;) by following Eqn. (4)
Update {w,b} by using off-the-shelf SVM solver with input of f(x;)
(2) Update {L,¥} with fixed {w,b}:
Update {L, ¥} by solving Eqn. (8) through gradient based optimizers

until convergence

Output: the optimal SVM classifier defined by {w, b},
the nonlinear TPS transformation defined by {L, ¥}

10



L and ¥, from the previous iteration. If the norms of both changes are smaller
than €7 4w, the algorithm is terminated. Otherwise, we check the step updates
for w and b. If their magnitudes are smaller than ey, we terminate the
algorithm. Meanwhile, we also set a maximum iteration count N,,., to control

the stopping of the optimization.

3. Neuroimage Data and Features

3.1. ADNI data

The neuroimage data used in this work were obtained from the ADNI database
[4]. We consider only the subjects for whom the baseline (MO) visits and 12-
month follow-up (M12) T1-weighted MRIs, together with their MIDAS Whole
Brain Masks, are all available. As a result, 338 subjects were selected: 94 pa-
tients with AD, 121 with MCI and 123 normal controls (NC). More detailed
information, including the demographics and clinical evaluations of the sub-
jects, i.e., Mini Mental State Examination (MMSE) and Clinical Dementia Rat-
ing (CDR) scores, of the studied subjects at their baseline visits, are shown in

Table 1.

Table 1: Demographic and clinical information of the studied subjects at the baseline.

Age (meantsdv.) MMSE (meantsdv.) CDR (mean+tsdv.)
Diagnosis | Number.  Gender (M/F)
[min-max] [min-max] [min-max]
75.85 £ 7.2 23.21 £ 1.9 0.8 £ 0.25
AD 94 47/47
[65 — 90] [20 — 26] 0.5 —1]
75.73 £ 7.8 26.57 £ 1.7 05+0
MCI 121 69/52
[55 — 90] [23 — 30] [0.5—-0.5]
76.08 + 5.2 29.15 £ 0.9 0£0
NC 123 65/58
[62 —90] [26 — 30] [0-0]

3.2. Feature extraction

In this study, we utilize three types of features, based on 1) gray matter
(GM) patches extracted from T1-weighted baseline MP-RAGE MR images; 2)
12-month deformation magnitude (DM) patches estimated through baseline and

11



12-month follow-up MP-RAGE MRIs; and 3) volumes of 113 cortical and sub-
cortical structures extracted from baseline FreeSurfer Cross-Sectional Process-
ing aparc+aseg segmentations (“Aseg” features). Both MP-RAGE and baseline
aparctaseg segmentation data are available under ADNI. The pipeline of our

proposed feature extraction framework is illustrated in Fig. 1.

“Aseg” feature

ADNI
/ DEIESE \)
N GM patches
MO-MRI Gray Matter
SPM SPM T-test based
T | normalization segmentation l | @
M12-MRI Deformation
ey Magnitude DM patches
T | normalization ANTS T-test based
registration I | patch extraction | ==
Brain mask
SPM
e

—

Figure 1: The pipeline of the proposed feature extraction framework.

3.2.1. “GM/DM” features

Recently, patch-level neuroimage features extraction and fusion [27, 25] have
been used in producing excellent performance for AD/MCI/NC classifications.
The features utilized in their work [27, 25] are cross-sectional, extracted from
the baseline MRIs and Positron Emission Tomography images (PETs). In this
study, we adopt a similar patch extraction strategy as in [27] to extract two
types of patches from the MP-RAGE scans: GM and DM patches. GM patches
contain candidate areas where two groups (e.g., AD vs. NC) differ greatly in
terms of gray matter densities. DM patches capture the areas where group
atrophy patterns are significantly different.

To facilitate the ensuing patch-level operations, the T1-weighted MRIs (at
both M0 and M12) were first normalized onto an International Consortium for

Brain Mapping template through Statistical Parametric Mapping [45], with the

12



dimensions reduced to 79 x 79 x 95 and the voxel sizes to 2 x 2 x 2 mm?>. After
spatial normalization, each baseline M0O-MRI was segmented into three brain
tissues: GM, WM and CSF. As GM is more related to AD and MCI pathologies
than WM and CSF [25], we choose the GM tissue densities from the baseline
MRIs as the cross-sectional information source in our work. A voxel-wise t-test
was performed for group comparisons of AD vs. NC and MCI vs. NC. Voxels
with statistically significant group difference (with the p-value smaller than 0.05)
were identified as the seeds for patch extraction. The mean p-values in the seed
voxels’ enclosing patches of size 5 x 5 x 5 were then used to sort the patch seeds.
Based on their ascending order, we selected the first 100 class-discriminative
patches in a greedy manner with the condition that no candidate patch pair
should have more than 50% overlapping volume. The average GM densities
in these patches form our cross-sectional feature vector, which we call “GM”
feature. Fig. 2 is a visualization of the top 20 GM patches that are selected
from AD vs. NC and MCI vs. NC group comparisons, respectively.

(AD versus NC)

(MCT versus NC)

Figure 2: The top 20 ranked GM patches selected in AD vs. NC and MCI vs. NC group

comparisons. The columns from left to right are sagittal, coronal, axial and 3D views.
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Our longitudinal DM patches were obtained based on the estimated voxel
deformations matching the baseline and follow-up MRIs for each subject. A dif-
feomorphic registration method provided via ANTs package [46] was utilized to
generate the deformation vector fields. To minimize the effect of the soft-tissue
shifts outside the brains, a dilated MIDAS Whole Brain Mask for each subject
was used to specify the registration area for ANTs. We then calculated the
magnitude (or length) of the deformation vector at each voxel, and a 3D scalar
field of deformation magnitudes (DM) was obtained. Based on the DM scalar
fields, we conducted the same group comparison and patch extraction proce-
dure as for the “GM” features. A set of (top 100 ranked) 3D local patches were
obtained. The average DM values within these patches form our longitudinal
“DM” feature vector. Fig. 3 shows the top 20 DM patches selected from AD

vs. NC and MCI vs. NC group comparisons, respectively.

(AD vs. NC)

(MCI vs. NC)

Figure 3: The top 20 ranked DM patches selected in AD vs. NC and MCI vs. NC group

comparisons. The columns from left to right are sagittal, coronal, axial and 3D views.

14



8.2.2. “Aseq” features

Our “GM” and “DM” features are patch-based. To supplement them with
ROI information, we also include the volumes of brain structures extractable
from FreeSurfer Cross-Sectional Processing aparc+aseg segmentation files, avail-
able under ADNI. The aparc+aseg segmentation files were extracted from MP-
RAGE scans using FreeSurfer [47]. Subcortical structures extracted in aparc+aseg
segmentation [48] include left/right hippocampi, left/right caudate, etc., and
cortical ROI include precuneus, cuneus, etc. Within the FreeSurfer processing
pipeline, all volumetric measurements have been normalized for head size via
dividing by the intracranial volume (ICV). This allows for unbiased compar-
isons between groups at a single time point. In this study, we use 113 volumes
at the baseline visits as another set of features for each subject, which we call
“Aseg” features. The names of the brain structures generated by FreeSurfer
aparctaseg segmentation can be found in each subjects stats/aseg.stats and
stats/aparc.stats files, as described in https://surfer.nmr.mgh.harvard.edu/
fswiki/FsTutorial/AnatomicalROI. The name list is also included in Ap-
pendix A of this paper. For more information regarding ADNI MRI data anal-
ysis, including FreeSurfer processing, we refer readers to the data hosting site

http://adni.loni.usc.edu/methods/mri-analysis/.

3.8. Feature fusion

The feature extraction steps described above produce 100 features from GM
and DM patches, respectively, and 113 “Aseg” features from “aparc+aseg” seg-
mentation. Inevitably, there should be redundant or irrelevant features in this
set, and the feature dimension, 313, is relatively high for efficient computation.
To approach this high dimensionality problem, the three different types of fea-
tures should be fused with a reduced dimensionality; deep neural network-based
models provide a potentially powerful solution. Deep neural networks have been
utilized in several recent AD/MCI works [23, 30, 27, 49], with the same goal
of learning a latent and compressed representation of the input feature vectors.

Stacked auto-encoder [23, 30], restricted Boltzmann machine [27] and convolu-

15



tional networks [49] are among the choices that have been examined. In this
paper, we adopt a different model — stacked denoising sparse auto-encoder
(stacked DSAE), which is a combination of denoising and sparse auto-encoders
[50, 51]. The “GM/DM/Aseg” features go through stacked DSAE separately,
then we utilize another fusion layer on top to further combine the separate out-
puts. Our approach is different from some recent methods [23, 30]: not only
does it maximize the mutual information from different sources, it also enables
users to control the size of the fused features, desirable for the goal of dimension

reduction.

3.8.1. Stacked denoising sparse auto-encoder (Stacked-DSAE)

The goal of an auto-encoder (AE) is to learn a latent representation for the
input vector x through estimating a nonlinear approximation function hw p(x) ~
x. In order to discover interesting structures from the input, certain type of
constraint or regularization needs to be imposed into the network. Sparse auto-
encoder learns sparse over-complete representation by ensuring the majority of
the hidden nodes “inactive” most of the time. This can be done by adding a
sparse penalty into the objective function. Denoising auto-encoder, on the other
hand, obtains a more robust representation by cleaning partially corrupted input
(denoising). In this work, we combine these two models to construct a denoising
sparse auto-encoder (DSAE), and use it as the solution for feature extraction.
This choice is based on the nature of the “GM/DM” features. While easy to
obtain, the “GM/DM?” feature vectors contain many non-discriminative compo-
nents. DSAE is designed under the hypothesis that it can learn a compressed
representation from the rather noisy input.

To build a deep network, we stack multiple DSAEs, wiring the outputs of
each hidden layer to the inputs of the successive layer, to form a stacked DSAE.
Such multi-layer networks can be pretrained level by level in a greedy fashion.
Compared with single layer shallow networks, stacked deep networks are more
effective in finding highly nonlinear and complex patterns in data [51]. In this

work, we use three separate stacked DSAEs, for “GM”, “DM”, and “Aseg”

16



features respectively, to extract their latent representations. Similar to the
approach in [27], three hidden layers are used in each stacked DSAE, with the
parameters decided through grid search. More details regarding the parameter

selection will be given in the experimental results section.

3.8.2.  Feature fusion through multi-modal stacked DSAE (MM-S-DSAE)
With the latent high level representation discovered by the three stacked
DSAEs for “GM/DM/Aseg” features, the next task is to fuse them without
losing useful information. Ideally, the output dimension should be further de-
creased after the integration, leading to a more compact yet still discriminative
final feature set. Several strategies are available, as shown in Fig. 4. Black and
white circles in this figure represent two different feature types, e.g., “GM” and
“DM”, and gray circles denote the features after fusion. Fig. 4.(b)~(d) illus-
trate three fusion solutions: (b) shows the most intuitive way that concatenates
different types of feature in the input layer, and learns a single deep neural net-
work, as used in [23]; (c) learns separate deep neural networks for each feature
type, and concatenates the output layers; (d) adds one more fully connected fu-
sion layer on top of (¢). In this paper, we choose the last strategy, the so-called
multi-modal stacked DSAE (MM-S-DSAE) as the solution to combine “GM”,
“DM” and “Aseg” features. The advantage of MM-S-DSAE over the other two

alternatives has been empirically validated and will be presented in section 4.3.
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(a) Stacked DSAE (b) Input concatenation (c) Stacked DSAE + (d) Multi-modal Stacked DSAE
+ Stacked DSAE Output concatenation

Figure 4: Deep network structures of stacked DSAE (a), and three fusion strategies (b-d).
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4. Experiments and Results

In this section, we evaluate the proposed TML-SVM metric learning and
MM-S-DSAE feature fusion models through two binary classification problems:
AD vs. NC, and MCI vs. NC. Several experimental setups, including evalu-
ation measures, data partition scheme and the determination of the structure
of our MM-S-DSAE, are explained in section 4.1. We present in section 4.2
the experiments to analyze and compare the discriminative power of individual
feature types and their combinations. In section 4.3, MM-S-DSAE will be evalu-
ated against other feature fusion strategies. Improvements made by TML-SVM
over other classifiers will be examined in section 4.4. Finally, we compare our
method with some recently reported solutions that also use ADNI database for

AD/MCI diagnosis.

4.1. Ezxperimental setups

4.1.1.  Performance measures and data partition

Various classification solutions are compared in this section and their perfor-
mance is measured with three evaluation metrics: classification accuracy (ACC),
i.e., the proportion of correctly classified subjects among the whole test set; sen-
sitivity (SEN), i.e., the proportion of correctly classified AD (or MCI) patients;
and specificity (SPE), i.e., the proportion of correctly classified normal controls.
In addition to means and standard deviations, we also report the p-values from
the paired t-test when comparing each performance measure of two different
methods. To ensure a good generalizability for each experiment and compari-
son, we run every experiment 10 times with different random 5-fold splits: three
folds for training, one fold for validation of hyper-parameters, and one fold for

testing.

4.1.2.  Determination of the structure of MM-S-DSAE
The topology of MM-S-DSAE is illustrated in Fig. 4.(d). We use three hidden

layers for the underlying stacked DSAE. The numbers of the three layers’ hidden
nodes are selected from [100, 300, 500, 1000] — [50, 100] — [10, 20, 30] (bottom to
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up). The hyper-parameters for sparsity control and denoising corruption are
both set to 0.2. For the top fusion layer in MM-S-DSAE, the number of hidden
nodes is selected from [3,5,8,10,15,20]. The optimal number of hidden nodes
for each layer is determined by the classification performance (accuracy) of the

softmax regression classifier with grid search, similar to [23].

4.1.8.  Choice of classifiers

We use softmax regression model in our experiments, with the following
considerations. Being regarded as “the classifier for stacked auto-encoder” [23],
softmax is utilized as the “intuitive” classifier to reduce the potential bias intro-
duced by any particular classifier, which is ideal for comparing the performance
of different features or different fusion strategies. Using softmax as the classifier
also makes “fine-tuning” of stacked DSAE and MM-S-DSAE straightforward.
Due to its popularity, we include softmax as one of the competing algorithms

to evaluate our TML-SVM classifier in section 4.4.

4.2. Comparisons of different features

The first set of experiments is to investigate the efficacy of different features
in distinguishing AD and MCI from normal controls. Specifically, five types
of features, including the aforementioned “GM”, “DM”, “Aseg” features, and
two different combinations of them, i.e, “GM & Aseg” — the combination of
two static cross-sectional features at the baseline visit, “GM & DM & Aseg” —
the combination of both static cross-sectional and longitudinal atrophy features,
are evaluated based on three performance measures, ACC, SEN, and SPE. In
addition, to answer the question if the high level representations learned from
MM-S-DSAE are indeed more discriminative than the original raw features, we

conducted experiments for both “deep” and “raw” versions 2 of the five feature

2In Table 2,“XX (raw)” indicates the results are produced with the original raw features,
and “XX (deep)” are for the features generated through deep neural networks. We use single
modal stacked DSAE to extract “GM (deep)”, “DM (deep)”, “Aseg (deep)”, and MM-S-
DSAE to extract “GM & Aseg (deep)”, “GM & DM & Aseg (deep)”.

19



types. The overall classification results, averaged over 10 runs, are presented in
Table 2.

Table 2: Comparisons of five different features for AD vs. NC and MCI vs. NC classifications.

Boldface denotes the best performance for each measure.
AD versus NC

Classifier Features Hidden nodes * ACC(%) SEN(%) SPE(%)
GM (raw) — 7752 £191 70.75 £ 3.14 82.67 £ 2.18
GM (deep) 500-100-10 81.44 £ 0.77 75.21 £ 1.35 86.17 + 1.14
DM (raw) — 70.23 £ 1.29 66.84 £ 1.34 72.85 £ 2.20
DM (deep) 1000-100-30 79.02 + 0.93 74.07 £+ 0.93 82.83 £ 1.15
Softrmax Aseg (raw) — 83.72 £+ 1.32 79.53 £ 2.04 86.92 + 1.74
Aseg (deep) 100-50-30 84.85 £ 1.57 80.82 £ 3.35 87.93 £ 2.07
GM&Aseg (raw) — 85.21 £ 2.24 80.67 £ 2.46 88.69 + 2.59
GM&Aseg (deep) ----10 86.26 £ 1.53 81.95 £ 2.18 89.56 £+ 1.98
GM&DM&Aseg (raw) — 87.47 £ 1.11 83.63 £ 1.85 90.41 £ 1.72
GM&DM& Aseg (deep) cee-8 88.73 £ 1.04 84.86 + 2.08 91.69 + 1.68

MCI versus NC

Classifier Features Hidden nodes ACC(%) SEN(%) SPE(%)
GM (raw) — 52.49 £ 3.41 53.90 £ 4.86 51.14 £ 3.41
GM (deep) 1000-100-20 75.19 + 1.36 74.12 £ 2.24 76.31 £ 1.73
DM (raw) —A 55.57 £ 1.99 59.98 £+ 3.94 51.21 £+ 1.69
DM (deep) 300-100-20 69.97 £+ 1.03 64.14 £+ 2.23 75.73 £ 0.84
Softman Aseg (raw) 53.43 £ 2.33 56.39 £ 2.89 50.48 £ 2.80
Aseg (deep) 1000-100-20 74.30 £ 1.77 73.70 £ 2.27 74.88 £ 3.08
GM&Aseg (raw) — 53.81 £ 2.35 57.02 £+ 2.98 50.67 £ 3.59
GM&Aseg (deep) -oe-15 78.47 £ 2.02 76.76 £ 1.99 80.15 £ 3.17
GM&DM&Aseg (raw) — 57.10 £ 1.86 58.38 £+ 2.47 55.81 £ 2.27
GM&DM&Aseg (deep) cee-8 80.91 + 1.53 79.07 + 2.27 82.70 + 1.35

From Table 2, it can be observed that the learned “deep” features far out-
perform the corresponding original “raw” features, especially for the MCI vs.
NC classification. The “GM & DM & Aseg” feature is a typical example. The
deep version has significantly better performance 4 than the direct concatena-

tion of the original raw features, “GM & DM & Aseg (raw)”. More specifically,

3For single modal stacked DSAE, we present the optimal number of hidden nodes for each
of three hidden layer (bottom to up); for MM-S-DSAE, we only present the optimal number
of hidden nodes for the last fusion layer, since the previous layers stay the same as in the

single modal ones.
4To claim “significantly better” or “significantly improve” in this section, a two-sided p-
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for AD vs. NC classification, the ACC from “raw” to “deep” has been signif-
icantly improved (p-value = 0.017). For MCI vs. NC classification, all three
performance measures (ACC, SEN, SPE) are significantly improved (p-values
< 0.0001). Furthermore, it is evident that combining longitudinal and baseline
features improves classification performance — the fused “GM & DM & Aseg
(deep)” feature has the highest ACC, SEN and SPE for both AD vs. NC and
MCI vs. NC classifications, with significantly improved performance over the
other four feature types also learned from deep networks, “GM (deep)”, “DM
(deep)”, and “Aseg (deep)”, and “ GM & Aseg (deep)”. For example, the second
best feature type in Table 2, “* GM & Aseg (deep)”, the combination of static
cross-sectional features at the baseline visit, is significantly outperformed by the
“GM & DM & Aseg (deep)” feature for both AD vs. NC (p-values < 0.02) and
MCI vs. NC (p-values < 0.04) classifications.

To further illustrate the role of the proposed dynamic longitudinal feature
(“DM” feature), we conducted another set of comparative experiments that
include static features extracted from 12-month follow-up MRIs, specifically
“GM”, “Aseg” features at 12-month follow-up visits. Those two features were
extracted through a similar pipeline as presented in Section 3, but from the
T1-weighted MP-RAGE MR images at 12-month visits, denoted as “GM-127,
“Aseg-12”. Tt would be pointless to spend extra efforts to extract dynamic
longitudinal information between MRIs at baseline and follow-up visits, if there
is no improvement over simply using static cross-sectional features extracted
from the follow-up visits. For this purpose, we compared the performance of
the following two sets of features, “GM” vs. “GM-12” vs. “GM & DM”, and “
GM & Aseg” vs. “GM-12 & Aseg-12”7 vs. “GM & DM & Aseg ”. In Table 3,
we present the results for those features generated from deep neural networks.

From the results, it can be observed that effort spent on the extraction

of dynamic longitudinal information made a significant difference, especially

value of < 0.05 resulted from “two-sample Student’s t-test” is the criterion for statistical

significance.
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for the MCI vs. NC classification where brain anatomical changes in MCI
subjects are subtle. Clearly the static features extracted at a later follow-up
visit have more discriminative power than the ones extracted from baseline
visits, especially for AD vs. NC classification. This can be gleaned from the
comparison results of “GM” vs. “GM-12” and “GM & Aseg” vs. “GM-12 &
Aseg-12” in Table 3. However, by integrating dynamic longitudinal information
into static baseline features, the resulted combination generally outperforms
just the static features extracted from follow-up visits for both AD vs. NC, and
MCI vs. NC classifications. Specifically, the fused “GM & DM” feature has
significantly better ACC and SEN measures than static “GM-12" feature for
AD vs. NC classification (p-values < 0.0001) and MCI vs NC classification (p-
values < 0.0001). The trend remains after the ROI feature “Aseg” is included.
“GM & DM & Aseg” still has the highest ACC, SEN and SPE for both AD
vs. NC and MCI vs. NC classifications, with significantly better results in all
three measures (ACC, SEN and SPE) than “GM-12 & Aseg-12” for MCI vs.
NC classification (p-values < 0.04), and slightly better results for AD vs. NC

classification (p-values > 0.05).

Table 3: Comparisons between static and dynamic longitudinal features for AD vs. NC and

MCI vs. NC classifications.

AD versus NC

Classifier Features Hidden nodes ACC(%) SEN(%) SPE(%)
GM 500-100-10 81.44 + 0.77 75.21 £ 1.35 86.17 + 1.14
GM-12 500-100-20 83.05 £+ 0.37 75.97 £ 0.53 88.48 + 0.36
GM&DM --b 86.92 + 0.60 86.73 + 1.59 87.09 + 0.59
Softmax GM&Aseg ---10 86.26 + 1.53 81.95 + 2.18 89.56 + 1.98
GM-12& Aseg-12 -3 87.63 £ 1.49 84.25 £+ 2.28 90.21 £ 2.42
GM&DM& Aseg <=8 88.73 + 1.04 84.86 + 2.08 91.69 + 1.68

MCI versus NC

Classifier Features Hidden nodes ACC(%) SEN(%) SPE(%)
GM 1000-100-20 75.19 £ 1.36 74.12 £ 2.24 76.31 £ 1.73
GM-12 500-100-20 75.43 £ 0.60 64.46 + 0.75 86.26 + 0.94
GM&DM ---10 78.51 + 1.24 78.61 + 1.73 78.43 £ 2.39
Softmax GM&Aseg ---15 78.47 £ 2.02 76.76 £ 1.99 80.15 + 3.17
GM-12&Aseg-12 --3 78.62 £ 1.57 76.63 £ 1.17 80.59 + 2.59
GM&DM& Aseg --8 80.91 + 1.53 79.07 + 2.27 82.70 £+ 1.35
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4.8. Comparisons of different feature fusion strategies

The second set of experiments is to test the effectiveness of our MM-S-DSAE
design in improving AD/MCT vs. NC classifications, with four other feature fu-
sion strategies compared: 1) concatenation of the original three raw features
(“GM”, “DM”, and “Aseg” features); 2) traditional “PCA based” strategy,
i.e., concatenate the three raw features, and use Principle Component Analysis
(PCA) to reduce the dimension with 99% variances kept; 3) “Input concatena-
tion 4 Stacked DSAE”, as shown in Fig. 4.(b); and 4) “Stacked DSAE + Output
concatenation”, as shown in Fig. 4.(c). We adopt the same performance mea-
sures (ACC, SEN, SPE) and experimental setting (5-fold splits with 10 runs),
and use softmax regression classifier as in Section 4.2. The classification results
of each strategy for AD/MCI vs. NC are summarized in Table 4.

Table 4: Five feature fusion strategies for AD vs. NC and MCI vs. NC classifications.
AD versus NC

Classifier Feature Hidden nodes ° ACC(%) SEN(%) SPE(%)
Direct concatenation — 87.47 £ 1.11 83.63 £ 1.85 90.41 £ 1.72
PCA based < 86.12 £ 0.97 81.88 £ 2.30 89.34 + 1.25
Softmax Input concat. + S-DSAE 1000-500-10 87.92 £ 1.50 86.30 + 3.24  89.17 + 1.28
S-DSAE + Output concat. -+ -=70 87.46 + 1.09 82.54 + 1.89 91.20 + 2.17
MM-S-DSAE -8 88.73 + 1.04 84.86 + 2.08 91.69 + 1.68

MCI versus NC

Classifier Feature Hidden nodes ACC(%) SEN(%) SPE(%)
Direct concatenation 57.10 + 1.86 58.38 £ 2.47 55.81 + 2.27
Softmax PCA based — 53.73 + 2.51 54.69 + 2.30 52.78 + 3.58
Input concat. + S-DSAE 1000-50-20 80.33 £ 2.20 78.42 + 3.27 82.19 + 2.02
S-DSAE + Output concat. -+ --60 80.16 £ 0.80 75.86 & 1.42 84.37 £ 0.76
Multi-modal S-DSAE <=8 80.91 + 1.53 79.07 £+ 2.27 82.70 + 1.35

As we can see from the results, the adopted MM-S-DSAE has the best overall
classification performance: it produces the highest ACC, SPE for AD vs. NC

5For “input concat. + S-DSAE” fusion strategy, we present the optimal number of hidden
nodes for each of three hidden layer (bottom to up); for “S-DSAE + Output concat.” and
MM-S-DSAE fusion strategies, we only present the number of hidden nodes for the last con-
catenation or fusion layer, since the previous layers stay the same as in single modal stacked

DSAE.
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classification and the highest ACC, SEN for MCI vs. NC classification. While
not surpassing the other two deep fusion strategies in all measures, the MM-S-
DSAE does learn a much more compact high level feature representation than
the other two deep fusion strategies, with better or comparable classification
performance. Specifically, for “Input concatenation + Stacked DSAE” strategy,
the optimal node size of the output layer is 10 in AD vs. NC classification, and
20 in MCI vs. NC classification; for “Stacked DSAE + Output concatenation”
strategy, the optimal node size of the output concatenation layer is 70 in AD
vs. NC classification, and 60 in MCI vs. NC classification; for MM-S-DSAE
strategy, the optimal node size of the output fusion layer is 8 in both AD vs.
NC and MCI vs. NC classifications. Compared to the original raw feature
dimension (313), our MM-S-DSAE was able to achieve 97.5% feature dimension

reduction.

4.4. Comparisons of TML-SVM with other classifiers

The last set of experiments seeks to test the effectiveness of the nonlinear
feature transformation introduced by our proposed TML-SVM classifier in im-
proving AD/MCI vs. NC classifications. We compare TML-SVM against two
other classifiers without feature transformation: softmax regression and tradi-
tional SVM. For all the three classifiers, the same MM-S-DSAE model is used to
obtain the fused feature representations. It is worth noting that only the deep
network in softmax regression model is fine-tuned. For SVM, the slackness coef-
ficient C' is selected from {275 ~ 21°}. TML-SVM has three hyper-parameters
to be tuned: the number of anchor points p and the tradeoff coefficients C; and
Cs. For p, we empirically set it to 30% of the training samples; for C; and
Cy, we select them from {27° ~ 2%} and {5~° ~ 52°} respectively. We still
adopt the same experimental setting and performance measures, and report the
results averaged from 10 runs in Table 5.

As evident, our TML-SVM has the best classification performance with the
highest ACC, SEN, SPE for both AD vs. NC and MCI vs. NC classifications.
In particular, the improvements made by TML-SVM over the host classifier

24



Table 5: Comparisons of three different classifiers for AD vs. NC and MCI vs. NC classifica-

tions.

AD versus NC(%) MCI versus NC(%)
Classifier ACC(%) SEN(%) SPE(%) ACC(%) SEN(%) SPE(%)
Softmax 88.73 £ 1.04 84.86 £ 2.08 91.69 £ 1.68 80.91 £ 1.53 79.07 £ 2.27 82.70 £ 1.35
SVM 89.50 + 0.86 87.16 £ 1.97 91.27 £ 1.02 80.52 + 1.24 80.13 £ 2.58 80.93 £ 1.71
TML-SVM | 91.95 + 1.00 89.49 + 2.37 93.82 + 1.63 || 83.72 = 1.16 84.74 + 2.34 82.72 + 1.19

SVM are significant (for AD vs. NC, p-values < 0.03; for MCI vs. NC, p-values
< 0.02), which means adding the nonlinear feature transformation is effective
in making the mapped data points more linearly separable. Also, we note that
the deep neural networks used in SVM and TML-SVM are not fine-tuned as in
softmax regression model, thus we believe the performance of our TML-SVM

can be further improved if fine-tuning is utilized.

4.5. Comparisons with state-of-the-art AD staging methods

Numerous solutions [27, 28, 29, 25, 30, 31, 32] have been proposed in the
literature for AD/MCI patient classification. Some very recent works [27, 30]
reported rather high accuracies through the applications of multi-modality infor-
mation integration (mainly MRIs and PETs) and sophisticated multi-classifier
decision fusion schemes. Analysis of the solutions striving to address the same
problem is crucial to advance the developments of highly effective methods.
However, direct comparisons of the published neuroimaging algorithms are of-
ten not feasible, unless common subjects, datasets and modalities are employed,
as in the evaluation project conducted by Cuingnet et al. [28]. When differ-
ent datasets and experimental setups are utilized, which is common for many
neuroimage studies, higher accuracy or better results over a competing solution
ought to be interpreted as indirect evidence of the model efficacy, rather than
the proof of superiority for head-to-head competitions.

We conduct the first set of comparisons with the solutions that are very
close to our model in nature. Four recently published works are chosen: 1)
voxel-wise GM densities based method by Kloppel et al. [21] which obtained

the best performance among the ten methods evaluated in [28]; 2) 93-region
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GM densities method by Zhang et al. [29], 3) the single classifier results using
patch-wise GM, as presented in Liu et al. [25], and 4) a longitudinal work by
McEvoy et al. [34], which uses the quadratic discriminant analyses (QDAs) as
the classifier with ROI features extracted from the baseline and one-year follow-
up information. Unlike the “DM” features in our work, the subtraction-based
atrophy calculation in [34] is not dynamic. Similar to our method, these four
solutions all use MR images as the sole information source and rely on single

classifiers for classification. The comparison results are shown in Table 6.

Table 6: Comparisons of our proposed method with other existing methods for AD vs. NC

and MCI vs. NC classifications within the same category.

Method Study Feature Classifier AD versus NC MCI versus NC
Size ACC(%) SEN(%) SPE(%) || ACC(%) SEN(%) SPE(%)
Cuingnet et al.[28] 475 Voxel-wise GM SVM 88.6 81.0 95.0 81.2 73.0 85.0
Zhang et al.[29] 202 93 ROI GMs SVM 86.2 86.0 86.3 72.0 78.5 59.6
Liu et al.[25] 652 Patch-wise GM SVM 86.4 83.9 88.6 79.4 79.2 79.5
McEvoy et al. [34] 684 8 ROI volumes QDAs 90.8 91.3 90.5 — — —
Proposed 338 Fused G/D/A  TML-SVM 91.95 89.49 93.82 83.72 84.74 82.72

From Table 6, we make the following observations. Our proposed model
performs better than the competing methods in terms of classification accuracy
in AD vs. NC classification, and accuracy and sensitivity in MCI vs. NC
classification. Although the results for specificity reported in [28] are slightly
higher than ours, it is at the expense of sacrificing sensitivity, leading to a
worse accuracy. Researchers in [34] reported the highest sensitivity for AD vs.
NC classification, but their accuracy and specificity are relatively lower than
those produced in our method. In addition, compared to those three methods
[28, 29, 25] that only use cross-sectional information at the baseline visits, our
method achieves consistently better accuracy and sensitivity in both AD vs. NC
and MCI vs. NC classifications. It is worth noting that high sensitivity may
be advantageous for confident AD diagnosis at early stage, which is potentially
useful in clinical practice.

In addition, we compare our model with six works that have reported very

high, if not the highest, classification rates for AD/MCI vs. NC. The results
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are shown in Table 7. Five of them use cross-sectional information. The works
of Suk et al. [27] and Liu et al. [30] are built on deep neural networks, and
their high performance should not be a surprise as they both utilize PET as an
additional feature source. The single-classifier version of Liu et al. [25] shown
in Table 6 is outperformed by our model, but their multi-SVM version, through
sophisticated multi-classifier decision fusion schemes, produces significantly im-
proved results. Liu et al. [31, 32] use multiple templates and combine the
outputs from multiple SVMs to achieve impressively high accuracies. Li et al.
[33] use multi-year longitudinal information, including scans from 36-month vis-
its, in their solution. As AD patients’ late scans are commonly more revealing
than those at baseline, very accurate diagnosis (96.1%) becomes possible.
While our model is single-classifier based, it achieves comparable perfor-
mance with some of the aforementioned multi-classifier solutions. Upgrading
our TPS-SVM with multi-kernel or multiple SVMs, or applying metric learning
to the solutions in Table 7, could both potentially lead to performance improve-
ments for the respective models. Structure MRIs are the sole information source
of our current solution, therefore it can be expected that the performance of our
model can be further improved if additional modalities, e.g., PET, functional
MRI or diffusion tensor imaging (DTT), are integrated as inputs. All in all, we
believe our pipeline achieves rather high accuracy in AD/MCI vs. NC classi-
fication with simple setups and limited information sources (structural MRIs

alone), and lays a solid foundation for further integration and generalization.

Table 7: Comparisons of the proposed TML-SVM with state-of-the-art methods for AD vs.
NC and MCI vs. NC classifications.

Method Study Modality Classifier AD versus NC MCI versus NC
Size ACC(%) SEN(%) SPE(%) || ACC(%) SEN(%) SPE(%)

Liu et al.[25] 652 MRI Hierarchical fusion 92.0 90.9 93.0 85.3 82.3 88.2
Suk et al.[27] 398 MRI + PET  Deep Boltzmann machine 95.4 94.7 95.2 85.7 95.4 65.9
Liu et al.[30] 331 MRI + PET  Stacked parse auto-encoder 914 92.3 90.4 82.1 60.0 92.3
Liu et al.[31] 331 MRI SVM ensemble 92.51 92.89 88.3
Liu et al.[32] 331 MRI SVM ensemble 93.06 94.85 90.49
Li et al.[33] 152 MRI SVM 96.1 — — — — —

Proposed 338 MRI TML-SVM 91.95 89.49 93.82 83.72 84.74 82.72
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5. Discussions and Conclusions

This study is designed with two major goals: 1) to develop a nonlinear
metric learning solution and to explore if AD/MCI diagnosis can benefit from
it; and 2) exploring how cross-sectional (baseline) and longitudinal (atrophy
rates) information can be effectively integrated.

Metric learning has been an active research area in machine learning for
more than a decade, but its ability to improve supervised and semi-supervised
classification has not been fully recognized in neuroimaging community. Our
TML-SVM model learns a globally smooth deformation for the input space,
and it is the first work that utilizes nonlinear dense transformations, or spa-
tially varying deformation models in metric learning. Using the ADNI dataset,
we evaluated the effectiveness of our TML-SVM mode in improving AD/MCI di-
agnosis, and we hope a take-home message will be delivered to the neuroimaging
community: metric learning does help.

Our proposed MM-S-DASE model is a deep learning solution to extract
latent, high-level integrated feature representation from three raw features ob-
tained through conventional feature engineering pipeline often used for statis-
tical analysis and segmentation. Although deep learning methods are proven
for automatically extracting meaningful representation from raw images, trans-
planting them to neuroimaging applications is often not trivial. Firstly, neu-
roimages are commonly high-resolution 3D images, tens or hundreds times larger
than photographic 2D images. This creates much higher dimensional inputs if
the volumetric images are used directly. Secondly, deep learning works best
with large numbers of training samples, which are typically unavailable for indi-
vidual clinical trials and human subject studies. These two factors significantly
restrict the power of deep learning in neuroimaging applications. Patch features
and patch-based learning, in our opinion, provide a remedy for both issues,
and therefore can help bridge the research gap between computer vision and
neuroimage analysis. Further efforts to explore patch-based solutions in neu-

roimaging appear warranted.
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As multimodality images can provide complementary information in disease
diagnoses, combining different modalities will likely lead to more accurate deci-
sion boundaries. The high accuracies reported in [27, 23] support this notion.
Vast amounts of imaging and other data are collected on patients every day as
part of standard medical care, yet virtually none of it is aggregated, processed
and extracted using deep learning and related methods to support physician de-
cision making at the present time. The exciting long term potential for this role
should be clear just from the example of research we have presented here. But
research requires focus. In the future work, we will explore features from other
data modalities, including PET, fMRI, DTI, and genetic data. Enhancing our
TML-SVM with multi-kernelization, as well as exploring other geometric models

than TPS, are among the directions of our ongoing efforts.
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7. Appendix: Names of the 113 anatomical structures in Aseg fea-

tures

The Aseg feature set in this study consists of the volumes of 113 cortical
and subcortical brain structures extracted from the FreeSurfer Cross-Sectional
Processing aparc+aseg segmentation files, available under ADNI. These struc-
tures were segmented from the subjects” T1-weighted MRI scans. All features
have been normalized by the corresponding whole brain volumes. The list of the
structure names is provided as follows. Aseg list contains subcortical structures,

and Aparc is for cortical structures.

Aseg structures Left-Lateral-Ventricle, Left-Inf-Lat-Vent, Left-Cerebellum-White-
Matter, Left-Cerebellum-Cortex, Left-Thalamus-Proper, Left-Caudate, Left-
Putamen, Left-Pallidum, 3rd-Ventricle, 4th-Ventricle, Brain-Stem, Left-
Hippocampus, Left-Amygdala, CSF, Left-Accumbens-area, Left-VentralDC,
Left-vessel, Left-choroid-plexus, Right-Lateral-Ventricle, Right-Inf-Lat-Vent,
Right-Cerebellum-White-Matter, Right-Cerebellum-Cortex, Right-Thalamus-
Proper, Right-Caudate, Right-Putamen, Right-Pallidum, Right-Hippocampus,
Right-Amygdala, Right-Accumbens-area, Right-VentralDC, Right-vessel,
Right-choroid-plexus, 5th-Ventricle, WM-hypointensities, Left-WM-hypointensities,

Right-WM-hypointensities, non-WM-hypointensities, Left-non-WM-hypointensities,
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Aparc

Right-non-WM-hypointensities, Optic-Chiasm, CC-Posterior, CC-Mid-Posterior,
CC-Central, CC-Mid-Anterior, CC-Anterior.

structures ctx-1h-bankssts, ctx-lh-caudalanteriorcingulate, ctx-lh-caudalmiddlefrontal,
ctx-lh-cuneus, ctx-lh-entorhinal, ctx-lh-fusiform, ctx-lh-inferiorparietal, ctx-
lh-inferiortemporal, ctx-lh-isthmuscingulate, ctx-lh-lateraloccipital, ctx-
lh-lateralorbitofrontal, ctx-lh-lingual, ctx-lh-medialorbitofrontal, ctx-lh-middletemporal,
ctx-lh-parahippocampal, ctx-lh-paracentral, ctx-lh-parsopercularis, ctx-1h-

parsorbitalis, ctx-lh-parstriangularis, ctx-lh-pericalcarine, ctx-lh-postcentral,
ctx-lh-posteriorcingulate, ctx-lh-precentral, ctx-lh-precuneus, ctx-lh-rostralanteriorcingulate,
ctx-lh-rostralmiddlefrontal, ctx-lh-superiorfrontal, ctx-lh-superiorparietal,
ctx-lh-superiortemporal, ctx-lh-supramarginal, ctx-lh-frontalpole, ctx-lh-

temporalpole, ctx-lh-transversetemporal, ctx-lh-insula, ctx-rh-bankssts, ctx-
rh-caudalanteriorcingulate, ctx-rh-caudalmiddlefrontal, ctx-rh-cuneus, ctx-

rh-entorhinal, ctx-rh-fusiform, ctx-rh-inferiorparietal, ctx-rh-inferiortemporal,
ctx-rh-isthmuscingulate, ctx-rh-lateraloccipital, ctx-rh-lateralorbitofrontal,

ctx-rh-lingual, ctx-rh-medialorbitofrontal, ctx-rh-middletemporal, ctx-rh-
parahippocampal, ctx-rh-paracentral, ctx-rh-parsopercularis, ctx-rh-parsorbitalis,
ctx-rh-parstriangularis, ctx-rh-pericalcarine, ctx-rh-postcentral, ctx-rh-posteriorcingulate,
ctx-rh-precentral, ctx-rh-precuneus, ctx-rh-rostralanteriorcingulate, ctx-
rh-rostralmiddlefrontal, ctx-rh-superiorfrontal, ctx-rh-superiorparietal, ctx-
rh-superiortemporal, ctx-rh-supramarginal, ctx-rh-frontalpole, ctx-rh-temporalpole,

ctx-rh-transversetemporal, ctx-rh-insula.
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