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A B S T R A C T

In this paper, we propose a novel method for magnetic resonance imaging based Alzheimer’s disease (AD) or mild
cognitive impairment (MCI) diagnosis that systematically integrates voxel-based, region-based, and patch-based
approaches into a unified framework. Specifically, we parcellate the brain into predefined regions based on
anatomical knowledge (i.e., templates) and derive complex nonlinear relationships among voxels, whose in-
tensities denote volumetric measurements, within each region. Unlike existing methods that use cubical or
rectangular shapes, we consider the anatomical shapes of regions as atypical patches. Using complex nonlinear
relationships among voxels in each region learned by deep neural networks, we extract a “regional abnormality
representation.” We then make a final clinical decision by integrating the regional abnormality representations
over the entire brain. It is noteworthy that the regional abnormality representations allow us to interpret and
understand the symptomatic observations of a subject with AD or MCI by mapping and visualizing these obser-
vations in the brain space. On the baseline MRI dataset from the Alzheimer’s Disease Neuroimaging Initiative
(ADNI) cohort, our method achieves state-of-the-art performance for four binary classification tasks and one
three-class classification task. Additionally, we conducted exhaustive experiments and analysis to validate the
efficacy and potential of our method.
1. Introduction

Alzheimer’s disease (AD) is a chronic neurodegenerative disease and
the most common cause of dementia (Barker et al., 2002). In the gradual
progression of AD, neurons in the broad regions of the brain are irre-
versibly damaged or destroyed and patients suffer from evolving symp-
toms accordingly. Apathy and depression often appear in the early stages
and major cognitive function issues, including impaired communication,
disorientation, confusion, poor judgment, and behavior changes, follow
as later symptoms. Because neuronal destruction is not limited to the
brain area dedicated to cognitive function, the disease ultimately affects
life-critical functions, such as swallowing. This makes AD a fatal disease.
The main pathogenesis of the disease is the progressive accumulation of
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plaques composed of amyloid β and tangles composed of
hyper-phosphorylated τ protein. A familial form of AD is known to be
caused by mutations in the genes linked to amyloid β metabolism.
However, the cause of the sporadic form of AD is still unknown (Blennow
et al., 2006).

Among the various causes of dementia, AD accounts for an estimated
60–80% percent of all cases. There are approximately 5.5 million in-
dividuals suffering from dementia caused by AD (Association et al.,
2017). In addition to the prevalence of AD, the fact that most of patients
are eventually bedridden and require 24-h care makes the disease an
enormous burden on society. Considering that aging is a major risk factor
for AD and that the elderly population is projected to double in size to 1.6
billion people globally, the societal cost of AD will increase rapidly (He
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et al., 2016). For the treatment of AD, although many candidates have
been and are being tested in clinical trials, there have been no successful
treatments for preventing, slowing, or halting the progression of AD. It is
known that changes in the brain caused by AD begin approximately 20 or
more years before the onset of dementia (Villemagne et al., 2013; Reiman
et al., 2012). In the preclinical stage of AD, people often experience mild,
but measurable changes in cognitive abilities, which do not interfere with
their daily life. This condition, called mild cognitive impairment (MCI),
does not always lead to dementia, but an average of 32% percent of in-
dividuals with MCI develop AD-related dementia within five years (Ward
et al., 2013). Additionally, the amnestic subtype of MCI has a high risk of
progression to AD, meaning it could represent a prodromal stage of the
disease (Gauthier et al., 2006; Kantarci et al., 2009; Mitchell and
Shiri-Feshki, 2009). Therefore, the development of methods for the early
diagnosis and prediction of AD is of paramount clinical importance. The
early detection of AD can provide patients with better a chance to fight
the disease because potential treatments are likely to be most efficacious
when applied in early stages.

Biomarkers can play an important role in the diagnosis of AD in its
preclinical and MCI stages. With the proper use of biomarkers in diag-
nosis, it is expected that AD can be detected before any cognitive
symptoms occur. The diagnostic guidelines provided by the National
Institute of Aging and the Alzheimer’s Association also reflect the
importance of biomarkers in AD diagnosis. The identification of such
biomarkers is highly dependent on cognitive tests (Sperling et al., 2011;
Albert et al., 2011; McKhann et al., 2011). Among the various types of
biomarkers, imaging-based biomarkers from brain imaging (e.g., mag-
netic resonance imaging (MRI) and positron emission tomography) are of
significant interest based on their widespread availability. Brain imaging
has served as a key auxiliary tool for clinical diagnosis and brain studies.
In AD, cortical neuronal loss leaves disease-related pathological patterns
that can be captured by structural MRI (sMRI) (Zarow et al., 2005).
Various types of structural alteration patterns, such as medial temporal
lobe atrophy and hippocampal volume reduction, can be observed when
investigating brain images. As imaging-biomarkers, these patterns can be
used to measure the progression of the disease or differentiate causes of
cognitive decline. However, because the human brain is highly complex
and different regions are functionally or structurally related to each
other, changes in multiple regions or all regions in a brain must be
considered jointly.

To investigate the complex relationships between neuropathological
patterns across brain regions, many studies have developed machine-
learning- or deep-learning-based methods (Kl€oppel et al., 2008; Moradi
et al., 2015; Shen et al., 2014, 2017; Liu et al., 2014b; Suk et al., 2015).

One of the many challenges in building an imaging-based diagnostic
model as a clinical decision support system is the ultra-high dimension-
ality of input images and extremely limited number of samples for tuning
the learnable parameters of a model. For example, there are more than
five million voxels in a 256 � 256� 256-voxel sMRI image, but only
hundreds of sMRI samples in a dataset. Under such conditions, it is very
difficult to train machine-learning or deep-learning models without
overfitting or a lack of generalization. One straight-forward solution can
be to construct a large-scale image dataset like the ImageNet in the field
of computer vision (Deng et al., 2009). However, it is generally very
difficult to collect a sufficient number of images based on the high cost of
scanning, diverse imaging modality and inter-scanner, and inter-site
variance, although there are a number of national-scale projects to
build huge neuroimaging datasets as the Human Connectome Project
(Van Essen et al., 2013).

Because it is paramount to extract well-designed or target-task-
relevant features to enhance a clinical accuracy, there have been many
efforts to overcome the limitation of composing a large dataset compu-
tationally and algorithmically. In (Suk et al., 2014), existing methods of
imaging-based feature extraction were divided into three categories:
voxel-based approaches, region-based approaches, and patch-based ap-
proaches. There are tradeoffs in terms of learning complexity and
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information gain between those approaches. A voxel-based approach
uses voxel intensities, the most fine-grained information, but suffers from
high dimensionality issues (Rathore et al., 2017). A region-based
approach considers structurally or functionally predefined brain re-
gions and extracts representative handcrafted features (e.g., mean vol-
ume) from each region (Liu et al., 2015). Although this approach
significantly reduces the dimensionality of a feature space, based on the
limitations of coarse-grained information, it may miss small or subtle
changes in the early stages of the AD progression spectrum. A
patch-based approach attempts to find relationships between voxels
within the predefined-form of a patch, thereby combining the merits of
voxel-based and region-based approaches. However, a patch is generally
a manually defined cubical or rectangular form. (Tong et al., 2014).
There have also been efforts to construct a set of classifiers, rather than a
single classifier, such that each classifier finds different patterns, which
are eventually combined through simple averaging (Liu et al., 2012b) or
a more systematic method to reach an ensemble decision (Ithapu et al.,
2015; Suk et al., 2017).

Previous works have contributed to improving diagnostic accuracy
using public datasets (e.g., Alzheimer’s Disease Neuroimaging Initiative
(ADNI)) and identifying potential imaging biomarkers. However, to the
best of our knowledge, no studies have focused on providing a quanti-
tative and investigative method for measuring brain abnormality in the
spectrum of AD progression. We believe that the quantitative abnor-
mality measurement or indexing of brain regions can provide clinically
useful information regarding AD progression by allowing clinicians to
link changes in the brain to symptomatic observations.

In this paper, we propose a novel framework that systemically com-
bines the three aforementioned approaches to feature representation or
extraction. Specifically, we parcellate the brain into predefined regions
(region-based approach) and identify complex nonlinear relationships
between voxels (voxel-based approach) within a patch whose form is
determined by the anatomical shape of each region (patch-based
approach). Note that in our method, a patch is atypically shaped based on
the forms of regions, rather than cubical or rectangular (Fan et al., 2007).
Using the complex voxel relationships in each region learned by deep
neural networks (DNNs), we measure abnormalities in the spectrum of
AD progression based on regional volume states. We then make a final
clinical decision by integrating the region-based abnormality measure-
ments over the entire brain. The morphological changes in a pathological
brain (i.e., regional atrophy, possibly caused by AD) can be small and
subtle in multiple sub-regions within a region or span over multiple re-
gions. In this regard, it should be possible to detect small and subtle
changes, which generally can not be detected based on the mean volumes
of regions. Furthermore, by considering region-based abnormality mea-
surements as high-level information extracted from each region, we
construct a robust and generalized classifier. Finally, our region-based
abnormality measurement provides intuitive interpretation and under-
standing regarding the pathological statuses of various regions, thereby
allowing us to make connections to symptomatic behaviors observed in a
subject.

Compared to recent machine-/deep-learning based work for AD/MCI
diagnosis, one of the major differences in our method is the interpret-
ability of the prediction. In particular, while our method allows clinicians
to interpret the output prediction via regional abnormality representa-
tion, thus to link any symptomatic behavioral observations in an indi-
vidual level, the previous work mostly focused on either discriminative
feature extraction or feature selection at the group level with no
consideration of interpreting the model outputs. In terms of model
learning, the independent work of (Adeli et al., 2019) and (An et al.,
2017) focused on selecting class-discriminative features and/or samples,
instead of feature representation learning. In the application of deep
learning, mostly convolutional neural networks (CNNs), for AD/MCI
diagnosis (Esmaeilzadeh et al., 2018), and (Lin et al., 2018) validated the
use of CNNs for feature learning with promising results in their own
experiments. Compared to those, our method exploits the anatomical



Table 1
Demographics and clinical information of subjects (pMCI: progressive MCI, sMCI:
stable MCI, SD: standard deviation).

AD pMCI sMCI CN

Number of Subjects 198 160 214 229
Sex (Female/Male) 94/104 68/92 65/149 108/121
Age (Mean � SD) 75.37 �

7.55
74.89 �
6.83

75.00 �
7.63

75.96 �
5.04

Education (Mean �
SD)

14.70 �
3.13

15.69 �
2.87

15.62 �
3.18

16.03 �
2.88

Race
Asian 2 3 5 3
Black 8 4 10 16
White 174 143 197 207
More than One 2 0 0 0
Am Indian/Alaskan 0 0 1 0
Unknown 12 10 0 3

MMSE (Mean � SD) 23.28 �
2.02

26.59 �
1.71

27.28 �
1.77

29.11 �
1.00

ADAS-Cog (Mean �
SD)

18.44 �
6.71

13.30 �
4.05

10.33 �
4.31

6.21 � 2.93

CDR (Mean � SD) 0.75 � 0.25 0.50 � 0.00 0.50 � 0.03 0.00 � 0.00

Table 2
Summary of the statistical significance (p-value) for each pair of the four groups.

Group Age Gender Education Race

AD vs. CN 0.2938 0.4981 0.6773� 10�7 0.9064
MCI vs. CN 0.2943 0.4854 0.0752 0.6481
AD vs. MCI 0.5546 0.5267 0.001 0.7203
pMCI vs. sMCI 0.9324 0.4599 0.5663 0.8258
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knowledge about a human brain to build a much simple model, while still
achieving the state-of-the-art performance over the ADNI dataset.

2. Dataset and preprocessing

2.1. Dataset

We used a 1.5-T T1-weighted MRI dataset with images from 801
subjects from the ADNI-13 (Jack et al., 2008). Specifically, we considered
a baseline dataset consisting of 229 cognitively normal (CN), 374 MCI,
and 198 AD subjects. The MCI subjects were further categorized into 214
stable MCI (sMCI) and 160 progressive MCI (pMCI) subjects based on
their AD progression over 18 months. Clinical information regarding
each subject, such as their mini-mental state examination score (MMSE),
Alzheimer’s disease assessment scale-cognition (ADAS-Cog), and clinical
dementia rating (CDR), is presented in Table 1 with other demographic
information. Table 2 presents the statistical significance for each pair of
the four groups in terms of age, gender, education, and race.
2.2. Preprocessing

The MRI images were preprocessed by applying the common pro-
cedures of anterior commissure (AC)-posterior commissure (PC) correc-
tion, skull stripping (Wang et al., 2011), and cerebellum removal.
Specifically, we used the MIPAV software4 for AC-PC correction,
resampled images to 256� 256� 256 voxels, and applied the N3 algo-
rithm (Sled et al., 1998) for intensity inhomogeneity correction.
Following skull stripping and cerebellum removal, we checked the
quality of the preprocessed images manually. The MRI images were then
segmented into three tissue types, namely gray matter (GM), white
matter, and cerebrospinal fluid by using the FAST (FMRIB’s automated
segmentation tool) (Zhang et al., 2001) from the FSL package.5 Next, the
segmented images were parcellated into 93 regions by warping each
subject’s brain into each subject’s space using HAMMER (Shen and
Davatzikos, 2002) based on Kabani et al.‘s atlas (Kabani, 1998), which
has been broadly applied in AD/MCI diagnosis. The full list of the ROIs in
this template are provided in Appendix D. Finally, we acquired regional
volumetric maps, referred to as RAVENS maps, by using a
tissue-preserving image warping method (Davatzikos et al., 2001). To
focus on effects of brain atrophy caused by neural destruction during the
3 Available at ‘http://www.loni.ucla.edu/ADNI.
4 Available at ‘http://mipav.cit.nih.gov/clickwrap.php.
5 Available at ‘http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/
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progression of AD, we used GM images for diagnosis. Note that each
voxel intensity in a RAVENS map denotes a quantitative volumetric
measurement, representing the volume in the image prior to warping
based on the atlas. We consider this volume information as very
fine-grained information that can be extracted from an input sMRI image.

3. Methods

In this section, we describe our novel framework for assessing and
representing regional abnormalities to identify the clinical status of a
brain within the spectrum of AD progression. From a clinical perspective,
it is of paramount importance to understand which parts of the brain are
pathologic and how different brain regions are related to symptomatic
observations. In this regard, it is desirable to construct a diagnostic model
that can identify those parts of a brain that are affected by a pathologic
disease and then quantify their abnormalities. Motivated by such inter-
pretability issues, we propose a method for regional abnormality
assessment based on DNNs.

Our method was inspired by two main factors. First, to enhance
clinical accuracy, particularly in the early stages of AD progression, a
diagnostic model must be sensitive to subtle changes in brain volume.
Second, to the best of our knowledge, there are high variations in
regional atrophies among individuals with no known general patterns.
Therefore, we believe that the voxel-level analysis is extremely useful and
that the relationships between voxels in different locations can provide
helpful discriminative information for clinical diagnosis. However, based
on the unfavorable high-dimensional nature of an MRI image in a voxel-
level space and the limited number of samples available, it is challenging
to find representations and train a diagnostic model for brain disorder
identification using such fine-grained level relationships directly.

To circumvent the ultra-high dimensionality problem, we adopt a
‘divide-and-conquer’ strategy (Cormen et al., 2009) based on cascaded
two-level computations. Specifically, in the first level, we partition the
brain (i.e., the original high-dimensional input space) into a set of regions
(i.e., relatively small subspaces) based on a predefined anatomical atlas.
For each brain region, we estimate a proxy representation of the voxels in
the respective subspace. The proxy representations from all regions (i.e.,
the entire brain) are then fed into a classifier to derive a final decision.

Fig. 1 illustrates the overall framework of the proposed method.
Given an MRI input, we first preprocess it as described in Section 2 to
obtain voxel-level GM volume density maps, which have been effectively
used for analyzing morphological changes in the brain (Good et al., 2001;
Hirata et al., 2005), then parcellate these maps into a set of regions based
on an anatomical template. For each of these regions, we then construct a
chunk of randomized DNNs (rDNNs), each of which is constructed based
on a number of randomly selected voxels within the respective region.
After training, the rDNNs output the regional probabilities of belonging
to the clinical labels for a target classification task (i.e., AD vs. CN, MCI vs.
CN, pMCI vs. sMCI, or AD vs. MCI vs. CN). By considering the probability
of a clinical status that appears in the late stages of the AD progression
spectrum for the target task as a regional abnormality score, we define an
abnormality representation for the entire brain by concatenating the
regional abnormalities with one abnormality score for each region. By
using this abnormality representation, we construct a classifier and make
clinical decisions based on the target task.

http://www.loni.ucla.edu/ADNI
http://mipav.cit.nih.gov/clickwrap.php
http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/


Fig. 1. A conceptual description of the proposed framework for assessing regional abnormalities and predicting a clinical statuses in the AD progression spectrum.

Fig. 2. A schematic description of the region-wise abnormality assessment using rDNNs from Fig. 1. “C 1” and “C 2” denote the clinical labels of the later and earlier
stages in the AD progression spectrum for a target task, respectively. For other notations, refer to the main text.
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3.1. Regional abnormality assessment

Here, we describe the method for assessing regional abnormality that
is illustrated in Fig. 2. Without loss of generality, we assume that a brain
can be parcellated into either disjoint or overlapping R regions, denoted
fV rgr¼f1;…;Rg, where V r denotes the voxel values (e.g., GM densities)
within the r-th region. Although we parcellate the brain into a set of
regions for dimension reduction purposes, the spaces for some large re-
gions are still too large for training with a limited number of samples.
Therefore, we further divide the space of each region into multiple
subspaces by randomly selecting voxels within the respective regions.

Let Vr
i⊂V

r be a randomly sampled voxel subspace from the r-th re-
gion’s voxel space. We construct a set of random subspaces fVr

i gi¼1;…;Nr

through an independent random subsampling procedure. Note that as we
sample with replacement, the subspaces ofVr

i andVr
j can be overlapping.

By constructing a large number Nr of random subspaces fVr
i gi¼1;…;Nr

whose dimensions are manageable based on our dataset for training the
model described below, the constructed set of random subspaces can
effectively cover the original spaces in the respective regions. This pro-
cedure is repeated for every region r 2 f1;…;Rg by setting Nr propor-
tional to the total number of voxels in the r-th region, which is denoted as
jV r j.

Based on the constructed set of random subspaces, we wish to learn
complex nonlinear relationships between voxels. To this end, for each
subspace Vr

i , we construct a DNN (Bengio et al., 2009), which has
6 The details of our network architecture is presented in Section 4.
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excellent ability for discovering nonlinear relationships between input
variables. Because the input variables for our DNNs are randomly
selected from the regional input space V r , we refer to our network as
rDNN.6 Let gri be the rDNN for a random subspace Vr

i of the region r.
Then, we train a set of rDNNs fgri gi¼1;…;Nr such that each rDNN outputs
the probability of the clinical labels for a target task (e.g., AD vs. CN, MCI
vs. CN, or pMCI vs. sMCI) by taking the volumetric measurements of
voxels in each random subspace as inputs.

gri
�
Vr

i

� ¼
2
4P

�
C 1

��Vr
i

�
P
�
C 2

��Vr
i

�
3
5 (1)

where ‘C 1’ and ‘C 2’ denote the clinical labels of the later and earlier
stages of the AD progression spectrum for a target task, respectively (i.e.,
AD (C 1) vs. CN (C 2), MCI (C 1) vs. CN (C 2), or pMCI (C 1) vs. sMCI
(C 2)). It is straightforward to extend this representation to a multi-class
task, as shown in our experiments (e.g., AD (C 1) vs. MCI (C 2) vs. CN
(C 3)). Regarding the size of a random subspace

��Vr
i

�� (i.e., number of
input voxels or variables in an rDNN), we set the size empirically7 and
apply the same size for all rDNNs, regardless of region. With a fixed input
size for an rDNN, we compensate for the potentially higher complexity of
large regions by constructing a large number of rDNNs with Nr propor-
tional to the size of regions. Eq. (1) describes the class likelihoods or
probabilities estimated for the subspace Vr

i .
Because each rDNN outputs class likelihoods based on a limited
7 We set the size 200 in our experiments.



Fig. 3. Example regional abnormality maps from a subject with AD (top) and cognitively normal subject (bottom). We colored the voxels based on their p-values for a
group comparison between AD and CN.
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amount of information (i.e., a small subset of the regional voxels), it is
necessary to integrate the distributed information of a region to derive
regional representative values. Therefore, from a set of voxel sets
fVr

i gi¼1;…;Nr and their respective rDNNs fgri ðVr
i Þgi¼1;…;Nr , we derive a

consensus vector for the r-th region by taking the average of the output
class likelihoods as follows:

GrðV rÞ¼ 1
Nr

XNr

i¼1

gri
�
Vr

i

� ¼
2
4PðC 1jV rÞ
PðC 2jV rÞ

3
5: (2)

Finally, we consider one of the elements in the consensus vector as the
relative abnormality measurement aðrÞ of the r-th region for the target
task. Specifically, in different classification scenarios, we regard the
likelihood of the clinical stage residing in a late position on the AD
progression spectrum as the abnormality representation. In other words,
in AD vs. CN, MCI vs. CN, and pMCI vs. sMCI classification, the proba-
bility of AD, MCI, or pMCI, respectively, is regarded as the abnormality
representation (see Fig. 3).8
9 We also conducted with a multi-layer perceptron for comparison in our
3.2. Brain-wise feature extraction and classifier learning

As we trained one DNN for each individual ROI in a supervised
manner, when patterns of an ROI are not separable between classes, i.e.,
mostly not affected by the disease, the corresponding DNN would pro-
duce similar output values or class probabilities for the target classes,
representing high ambiguity. Note that we have a second-phase classifier
that jointly considers abnormal representations of all ROIs, assigning
different weights by possibly ignoring those non-separable ROIs from the
final decision.

To make a clinical decision for the entire brain, we must integrate the
regional features. Because the probabilities estimated by Eq. (2) can be
regarded as the likelihoods of belonging to the respective clinical labels,
we consider these estimates as a high-level representation for a brain-
wise pattern classification. Therefore, for information integration, we
simply concatenate the region-based abnormality representations into a
vector as follows:

a ¼ ½að1Þ⋯aðrÞ⋯aðRÞ�> 2 RR: (3)

Considering that the regional abnormality measurement implicitly
represents a nonlinear relationship between different voxel-level infor-
mation, the brain-wise classifier focuses on learning relationships be-
tween regions based on our high-level representation (i.e., regional
abnormality representation).

For M number of training samples (i.e., subjects in this case), we
extract the feature vectors fasgs¼1;…;M described in Section 3.1 and Eq.
(3). From the pairs of extracted imaging features and clinical labels of
subjects (i.e., fðas; lsÞgs¼1;…;M), we train a brain-wise classifier to make a
decision regarding the subject’s clinical status. For a classifier, we use a
linear support vector machine (SVM), which has been widely used in the
literature (Liu et al., 2012a, 2018), although any classifier could be used
8 Since the output probabilities in deep neural networks sum to one, it is
enough to consider only one value in a binary classification task.

5

without loss of generality.9

Overall, from a methodological perspective, our method can be un-
derstood as a combination of machine learning techniques as follows. (1)
Each rDNN gri can be regarded as a “weak classifier” for the target task
because it outputs class probabilities by exploiting a limited amount of
information in a subspace of the original brain space. (2) The set of
rDNNs fgri gi¼1;…;Nr can be thought of as a feature descriptor for the r-th
region with a mixture of experts by considering each of the rDNNs as an
expert. (3) When considering each voxel set inVr

i as an instance of the r-
th region, we use Nr number of instances for the r-th region in a single
MRI image, which represents a type of multi-instance learning (Herrera
et al., 2016).

4. Experimental settings and results

In our experiments, we considered three binary classification prob-
lems (i.e., AD vs. CN, MCI vs. CN, and pMCI vs. sMCI) and one three-class
classification problem (i.e., AD vs. MCI vs. CN). For MCI vs. CN classifi-
cation, we labeled both pMCI and sMCI as MCI. Because of the limited
number of samples, we applied a 10-fold cross-validation technique for
each classification problem and took the average of the 10 cross-
validation results for performance comparisons10. To evaluate the ef-
fect of each main component in our proposed framework, we also con-
ducted additional experiments accordingly.
4.1. Experimental settings

4.1.1. Random subspace construction
Prior to exploiting the random subspace method, we first preselected

voxels with statistical significance (i.e., p-value) through a group com-
parison based on a training set for the target task (i.e., AD vs. CN, MCI vs.
CN, and pMCI vs. sMCI). Instead of using the conventional small values of
0.001 or 0.005 for a statistical significance thresholds, to better exploit
potential multivariate relationships, where each variable shows a low
group difference, but multiple variables may show a high group differ-
ence when considered jointly, we set the threshold conservatively as
p¼ 0.05. Voxels of small p < 0:05 in group comparison were then
considered in constructing random subspaces fVr

i g in each region r 2 f1;
…;Rg.

We determined the optimal size of a random subspace
��Vr

i

�� to be 200
based on preliminary experiments by varying the size of the random
subspaces in f100; 200;300;400g for all regions. The performance
changes based on the different sizes of random subspaces are provided in
the appendix (Table B1). As described in Section 3.2, we set the number
of random subspaces Nr to Roundð��V r ��=��Vr

i

��Þ� 3, which is proportional
to the total voxel size in the r-th region. Therefore, for different regions,
we generated different numbers of random subspaces by considering the
experiments.
10 To see the applicability of our method to independent subject groups, we
also conducted experiments by separating the study subjects into two inde-
pendent groups. The results are presented in Appendix C.
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difference in size between regions.

4.1.2. Constructing and training rDNNs and a classifier
For each random voxel set, we constructed a three-layer DNN with an

architecture of 200 nodes (input layer), 300 nodes (hidden layer), 60
nodes (hidden layer), and two nodes (output layer).11 To improve
network training, we pre-trained our network using greedy layer-wise
pre-training by constructing stacked denoising auto-encoders (SDAEs)
(Vincent et al., 2010). We used an encoder with an architecture of 200
nodes (input layer), 300 nodes (hidden layer), and 60 nodes (hidden
layer), and a decoder with an architecture of 60 nodes (hidden layer),
300 nodes (hidden layer), and 200 nodes (output layer). The network is
trained with an epoch of 120, a mini-batch size of 50, and weight decay
of 10�4 to minimize the ℓ2 loss function. Note that an SDAE extracts
robust and hierarchical feature representations from data in an unsu-
pervised manner. The hierarchical properties of the SDAE are known to
be helpful for representing highly nonlinear and complicated patterns in
neuroimaging data (Suk et al., 2015). We then took the encoder portion
of an SDAE and added a classification layer with a softmax function on
top to create an rDNN. The rDNNs were then fine-tuned via stochastic
gradient descent with a tanh activation function for all hidden layers,
dropout rate of 0.5 for hidden layers, learning rate of 0.003, momentum
of 0.9, and epoch length of 120. Regarding the brain-wise classifier with a
linear SVM, we performed a 5-fold nested cross-validation for hyper-
parameter setting (i.e., the soft-margin parameter C 2 f10�5; 10�4; ⋯;

105g). We used the DeepLearnToolbox12 and libsvm13 public packages
for our experiments.

4.1.3. Comparative methods
To determine the efficacy and validity of our method, we conducted

various experiments by comparing our method to existing methods from
the literature. Specifically, we considered three different methods char-
acterized as follows:

� Regional mean volume (RMV) (Zhang et al., 2011): This method is
directly comparable to our method in terms of feature representation.
For each region, this method uses the low-level mean volume as a
feature, whereas our method uses the high-level abnormality repre-
sentation obtained by our rDNNs.

� Hierarchical feature fusion (HFF) (Liu et al., 2014a): This method
gradually integrates features from a number of cubical local patches
extracted from a GM density map. Based on the original work, we
resized the GM density maps to 64�64� 64 voxels for computational
efficiency and extracted patches of 11�11� 11 voxels in size, which
were fed into a set of SVM classifiers.

� Regional abnormality representation with random forest (RF-RAR):
To evaluate the effects of a neural network as a weak classifier in the
proposed method, a random forest classifier was used as a weak
classifier in this comparative method. In this method, an ensemble of
random forest classifiers exploits corresponding random subspaces
and the ensemble result is used for regional abnormality representa-
tion, similar to our method. To reflect the differences in size between
regions, we set the number of trees proportional to the size of the
regions (i.e., Nr ¼ Roundð��V r ��=��Vr

i

��Þ� 100), meaning it uses about
33 times the number of randomized classifiers compared to our
number of rDNNs per region. The maximum depth of a tree was set to
12 and a Gini index was used as an impurity function. We used the
scikit-learn software14 to train the random forest classifiers.
11 For details on our strategy to tune network architectures, refer to Appendix
A.
12 ‘https://github.com/rasmusbergpalm/DeepLearnToolbox.
13 ‘https://www.csie.ntu.edu.tw/~cjlin/libsvm/
14 http://scikit-learn.org/stable/index.html.
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For all compared methods, we used a linear SVM for brain-wise
classification.

4.2. Performance comparison

For performance comparison, we considered four different metrics
(i.e., accuracy, sensitivity, specificity, and area under the receiver oper-
ating curve (AUC)) that are commonly considered in AD/MCI diagnosis.
The results for the four competing methods are listed in Table 3 and
Table C2. It is remarkable that our method achieved very promising re-
sults on all three tasks. Specifically, for the tasks of MCI vs. CN and pMCI
vs. sMCI, which are of high importance for proper clinical treatment, our
method obtained accuracies of 89.22�4.13% (MCI vs. CN) and
88.52�5.65% (pMCI vs. sMCI), with AUCs of 0.9573 (MCI vs. CN) and
0.9568 (pMCI vs. sMCI). To the best of our knowledge, these are the best
performance results reported in the literature (Rathore et al., 2017) for
these classification tasks over the ADNI dataset. Our proposed method
clearly outperformed the competing methods in all three binary classi-
fication tasks by large margins.

When comparing our method to the RMV method (Zhang et al.,
2011), the superior performance of our method stems from the regional
abnormality representation, which is the high-level abstract representa-
tion obtained by our rDNNs. Such representations have seen many suc-
cessful applications (LeCun et al., 2015), where the abstract feature
representations learned by deep learning methods help to enhance
classification performance. Regarding RF-RAR and our method, both
methods exploit the random subspace technique and region-based ab-
normality representations for AD/MCI identification. However, while
RF-RAR represents regional abnormality based on the low-level voxel
intensities (i.e., volumetric measure), our method uses the complex
nonlinear relationships between voxels (i.e., high-level information)
learned by DNNs. Based on the performance in Table 3 and Table C2, one
can see the positive effect of using DNNs, which are powerful for learning
hierarchical nonlinear relationships between input variables. Finally,
when comparing our method to the HFF method (Liu et al., 2014a),
which uses cubical patches for local feature representation and gradually
combines the informative patches to form atypical patches over an entire
brain, our method achieved superior performance in terms of all metrics.
Furthermore, because our method defines patches based on anatomical
knowledge, it is advantageous for interpreting regional statuses based on
relationships between any symptomatic observations occurring in a
subject.

It is also noteworthy that while the competing methods achieved
reduced performance as the target task becamemore challenging, i.e. (AD
vs. CN),→ (MCI vs. CN)→ (AD vs. MCI)→ (pMCI vs. sMCI), the proposed
method maintained reasonably high performance for all the tasks.
Particularly, for the MCI vs. CN and pMCI vs. sMCI tasks, because these
tasks focus on subtle structural changes, it is necessary to use more so-
phisticated feature representations. We believe that our method is able to
discover such representations based on the power of DNNs.

To test the generalizability of our framework, we also performed a
three-class classification task (i.e., AD vs. MCI vs. CN) and compared the
results to those of the competing methods.15 In our method, we used both
a linear SVM and multilayer perceptron (MLP) as brain-wise classifiers.
The results, which are summarized in Table 4 and Table C4, reveal that
our method combined with an MLP achieved the highest classification
accuracy of 72.09�8.60% and our method with a linear SVM achieved
the second-highest accuracy of 71.18�7.32%. However, there was no
statistically significance difference (p-value¼ 0.7188) between the linear
SVM and MLP. Our method outperformed the other methods by large
margins.
15 Since the HFF method (Liu et al., 2014a) is applicable for binary classifi-
cation only, we excluded it in this experiment.

https://github.com/rasmusbergpalm/DeepLearnToolbox
https://www.csie.ntu.edu.tw/%7Ecjlin/libsvm/
http://scikit-learn.org/stable/index.html


Table 3
Performance comparison on four binary classification tasks: regional mean volume (RMV), hierarchical feature fusion (HFF), regional abnormality representation with
random forest (RF-RAR).

Tasks Methods Accuracy (%) Sensitivity (%) Specificity (%) AUC

. AD vs. CN RMV (Zhang et al., 2011) 86.19�5.67 82.29�6.91 89.55�6.53 0.9215
HFF (Liu et al., 2014a) 85.56�7.13 82.25�15.51 88.37�5.07 0.9220
RF-RAR (Lebedev et al., 2014) 85.01�5.14 81.23�9.97 88.22�4.75 0.8516
Ours 92.75�6.06 91.89�10.88 93.47�4.32 0.9804

MCI vs. CN RMV (Zhang et al., 2011) 64.99�5.15 73.74�7.47 50.61�8.98 0.7023
HFF (Liu et al., 2014a) 75.65�3.41 77.67�4.79 72.36�6.22 0.8638
RF-RAR (Lebedev et al., 2014) 65.51�3.66 90.92�5.47 23.99�9.48 0.6687
Ours 89.22�4.13 93.33�4.36 82.55�8.17 0.9573

AD vs. MCI RMV (Zhang et al., 2011) 70.97�4.54 44.95�11.77 84.76�4.17 0.7202
HFF (Liu et al., 2014a) 76.20�6.53 64.03�15.55 82.60�5.13 0.8389
RF-RAR (Lebedev et al., 2014) 68.89�3.58 20.76�7.77 94.40�3.67 0.6927
Ours 81.46�5.41 68.66�13.70 88.24�6.11 0.8954

pMCI vs. sMCI RMV (Zhang et al., 2011) 61.41�10.82 51.25�15.25 68.96�12.48 0.6618
HFF (Liu et al., 2014a) 63.40�9.25 46.13�9.22 76.32�15.07 0.6631
RF-RAR (Lebedev et al., 2014) 67.30�3.66 90.91�5.47 22.71�9.48 0.6274
Ours 88.52�5.65 87.50�9.77 89.22�7.47 0.9568

Table 4
Performance comparison on a three-class classification task: regional mean volume (RMV), regional abnormality representation with random forest (RF-RAR).

Tasks Methods Accuracy (%) Recall (%) Precision (%)

Macro Micro Macro Micro

AD vs. MCI vs. CN RMV (Zhang et al., 2011) 53.69�6.08 55.88�7.39 37.095.47 53.69�6.08 36.91�5.81
RF-RAR (Lebedev et al., 2014) 39.21�5.56 57.26�13.96 35.76�2.30 39.21�5.56 24.52�4.34
Ours 71.18�7.32 54.97�8.65 55.70�8.73 72.00�6.93 71.18�7.32

Table 5
Performance comparison between a linear SVM and MLP in our framework for
brain-wise classification.

Tasks Classifier Accuracy
(%)

Sensitivity
(%)

Specificity
(%)

AUC

AD vs.
CN

SVM 92.75�6.06 91.89�10.88 93.47�4.32 0.9804
MLP 92.76� 6.05 92.95�7.55 92.61�6.50 0.9766

MCI vs.
CN

SVM 89.22�4.13 93.33�4.36 82.55�8.17 0.9573
MLP 88.39� 2.36 89.29�2.47 87.52�6.50 0.9499

AD vs.
MCI

SVM 81.46�5.41 68.66�13.70 88.24�6.11 0.8954
MLP 81.12�4.47 66.13�9.86 89.03�5.00 0.8917

pMCI vs.
sMCI

SVM 88.52�5.65 87.50�9.77 89.22�7.47 0.9568
MLP 89.84�4.71 87.21�8.59 92.89�3.85 0.9492

16 We conducted a Wilcoxon signed-rank test.
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5. Discussions

5.1. Effect of constructing random subspaces

One of the factors that differentiates our method from other region-
based methods is that the proposed method divides the regional voxel
spaces into multiple random subspaces. Considering the fact that some of
the regional voxel spaces still contain large numbers of voxels (i.e., var-
iables) compared to the number of samples available for training, a
computational method for modeling the relationships between all the
voxels is highly likely to suffer from overfitting. In particular, the model
is likely to focus only on the easy-to-learn features. However, in our
random subspace construction approach, each classifier covers randomly
selected sub-voxels from the original space, meaning the correlations
between individual weak classifiers are reduced. This approach is also
referred to as the feature/attribute bagging method (Barandiaran, 1998;
Bryll et al., 2003). In the ensemble of individual weak classifiers, which
were trained using the voxel intensities from their respective random
voxel spaces, the combination of all learned classifiers enhances overall
model stability and improves target task performance. This is a very
useful property for medical image analysis, where feature dimensionality
is typically high and training samples are very limited in number.

Our region-based abnormality representation is comparable to the
regional mean volume that is commonly used in previous methods
(Rathore et al., 2017). Although both representations use single scalar
values for individual regions, from an information perspective, the
regional mean volume is low-level information, whereas our abnormality
representation is high-level information. Therefore, it is believed that
multivariate analysis of a brain using our high-level information is more
useful for model generalization, which improves clinical accuracy.

5.2. MLP as a brain-wise classifier

As stated in Section 4.1.2, in our framework, it is possible to use any
classifier for a brain-wise classification with the regional abnormality
representation as an input. Here, we present our experimental results
obtained by replacing the linear SVMwith anMLP in our framework. The
7

main difference between a linear SVM and an MLP lies in the manner of
defining a decision boundary in a feature space (i.e., regional abnormality
features in our work). While the linear SVM defines a separating hyper-
plane using a linear function, the MLP finds such a hyperplane non-
linearly by considering potential nonlinear relationships between the
input values. A performance comparison between proposed framework
with SVM and MLP as a brain-wise classifier is provided in Table 5 and
Fig. 4. For different tasks, the best performance was achieved by different
classifiers. A statistical significance test16 of differences in terms of ac-
curacy yielded p-values of 0.9375 (AD vs. CN), 0.3926 (MCI vs. CN),
0.2188 (pMCI vs. sMCI), and 0.7188 (AD vs. MCI vs. CN). Therefore, for
all tasks, there were no statistically significant differences in terms of
accuracy. Based on this result, we believe that the regional feature rep-
resentations provided to the brain-wise classifiers already include high-
level information discovered by the non-linear operations in the
rDNNs, meaning there was relatively little space for an MLP to outper-
form a linear SVM by considering abstract representations. Methodo-
logically, the proposed framework with an MLP as a brain-wise classifier
has the potential to take advantage of end-to-end learning and superior
computational efficiency for inference. However, the linear SVM allows
us to interpret and analyze underlying patterns, which is useful for AD/



Fig. 4. Performance comparison between an SVM and MLP as brain-wise classifiers in a multi-class classification task.
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MCI identification, based on its weight coefficients, whereas the MLP
suffers from interpretation issues because it functions as a black box
model.
5.3. Regional abnormality map

One of the main advantages of our regional abnormality representa-
tion is that it provides a means of interpreting or understanding the status
of a subject’s brain from the perspective of neurodegenerative pathology
in the AD progression spectrum. This is because it is possible to map and
visualize regional abnormalities in the brain space, as shown in Fig. 5.
This map is what we refer to as the ‘regional abnormality map’. This map
makes it straightforward to interpret regional statuses based on the
probability that a region represents the later stages of the AD progression
spectrum for a target task, as well as to draw potential relationships
between symptomatic observations.

Fig. 5 presents regional abnormality maps of subjects from different
groups (i.e., AD, CN, pMCI, and sMCI). First, a comparison between the
subjects from two groups for the tasks of AD vs. CN and pMCI vs. sMCI
reveals that subjects in the later stages of the AD progression spectrum
(i.e., AD and pMCI for the respective tasks) have many regions with high
abnormality scores (Fig. 5(a) and (c)) compared to the subjects from the
counterpart groups (Fig. 5(b) and (d)). Second, it is noteworthy that our
regional abnormality map reflects individual differences. In other words,
there are different abnormality patterns between subjects with the same
clinical label. Our regional abnormality map also indicates which parts of
a brain seem to be at risk based on abnormality scores. For example, in
Fig. 5(b), although all the subjects were identified as CN, the regional
abnormality map of the subject on the top reveals that their temporal and
subcortical areas (around the putamen) show similar patterns of those of
subjects with AD, indicating that they may require further testing or care.

We also applied the rDNNs trained with samples from AD and CN
subjects to subjects with MCI, including both pMCI and sMCI, and ob-
tained their regional abnormality maps. Fig. 6 illustrates the averaged
regional abnormality maps of the four groups in the AD spectrum based
on the rDNNs for AD vs. CN. It is noteworthy that the regional abnor-
mality scores over a brain show nearly linear relationships to the clinical
status in the AD spectrum. That is to say, based on the averaged abnor-
mality scores, the groups considered in this work can be sorted in the
order of AD, pMCI, sMCI, and CN, which empirically validates the
effectiveness of our regional abnormality representation.
17 due to imperfectness of the registration method applied in our framework,
the voxels lying along the boundaries between white and gray matter regions
are more likely to be affected, especially regions with neural atrophy.
5.4. Regional relevance to AD/MCI identification

Based on our experimental results, we demonstrated the superiority
of our method to competing methods in terms of performance. However,
such a comparison reveals little regarding the regional importance or
relevance to a decision of our method (i.e., no understanding of the
learned model). Therefore, we investigated our trained classifier (i.e., a
linear SVM) to derive further insights regarding the output clinical de-
cisions. Note that in terms of a decision-making process, the weight co-
efficients in a linear SVM carry the relevant information. By following
8

Haufe et al.‘s method (Haufe et al., 2014), we considered an activation
pattern map that can be estimated by jointly considering the covariance
of the input features Σinput, (co)variance of the predicted values Σprediction,
and learned weight coefficients W as follows:

A � ΣinputW�1Σprediction: (4)

Fig. 7 presents the estimated activation pattern maps for each task,
where the colors indicate the regional relevance to the later states in the
AD spectrum. First, for all three classification tasks, our classifiers found
that the temporal and subcortical regions are highly relevant to the later
stages in the AD spectrum (i.e., (a) AD, (b) MCI, and (c) pMCI) for each
task. Second, depending on the task, the activation patterns change to
reflect the pathological progress related to the AD spectrum stages. While
most of the brain regions are positively related to AD in the case of AD vs.
CN, the sensorimotor cortex and temporal lobules as well as the
subcortical regions, are more closely related to MCI and pMCI for the
classification tasks of MCI vs. CN and pMCI vs. sMCI.
5.5. Single-region-based diagnosis

As described in Section 3.1, our method assesses regional abnormal-
ities based on the probability of the clinical stage residing in a late po-
sition along the AD progression spectrum for each task. Therefore,
regional abnormality can be used directly to make clinical decisions
without any further processing. This corresponds to single-region-based
diagnosis, which is comparable to diagnosis based on the entire brain.
In Fig. 8, we present the averaged regional classification accuracies for
different tasks in the brain space. In this figure, one can see that the white
matter regions show higher accuracies than the GM regions. Our inter-
pretation of this phenomenon is that because a single white matter region
is anatomically adjacent to many GM regions, it includes the volumetric
changes in all adjacent GM regions simultaneously.17 It is also observable
that the subcortical and temporal areas generally show high classification
accuracies. However, these accuracies are still much lower than that of
diagnosis based on the entire brain, as shown in Table 3 and Table C2.
5.6. Transferring knowledge of AD vs. CN to pMCI vs. sMCI

In the AD progression spectrum, the classes of pMCI and sMCI are
considered to be close to those of AD and CN, respectively. Motivated by
this assumption, we performed an additional experiment to discriminate
pMCI from sMCI in the models (i.e., rDNNs for regional abnormality
representation and a linear SVM for classification) trained using AD and
CN samples. By means of knowledge transfer (i.e., use of the knowledge
regarding AD and CN classification for pMCI and sMCI classification), we
validated the usefulness of our regional abnormality representation.
Fig. 9 and Fig. 10 present the regional abnormality maps of individual



Fig. 5. Examples of the regional abnormality map of individual subjects, estimated with the rDNNs from the tasks of (AD vs. CN) and (pMCI vs. sMCI), respectively.
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subjects with pMCI and sMCI, and the averaged regional classification
accuracy maps for pMCI and sMCI, respectively. With the regional ab-
normality representation and linear SVM classifier, we achieved an ac-
curacy of 65.40%, sensitivity of 61.12%, sensitivity of 68.59%, and AUC
of 0.7050. When comparing these results to those of the RMV (Zhang
et al., 2011), HFF (Liu et al., 2014a), and RF-RAR (Lebedev et al., 2014)
methods in Table 3 and Table C2, one can see that the knowledge transfer
process was very effective because it resulted in the highest AUC, even
though there was no training for this particular task.
9

5.7. Use of the AAL template

¼We have also conducted experiments with the AAL template atlas,
widely used as well in the AD literature. Basically, we have repeated all
the experiments described above by randomly partitioning the dataset
into two independent subject groups, i.e., the one for training/validation
and the other for testing. The results are summarized in Table 6 and
Table 7. When comparing with the results obtained with Kabani et al.‘s
template, one noticeable thing is the performance degradation in all tasks
except for AD vs. CN. Our understanding for the performance



Fig. 6. Averaged regional abnormality maps of the groups as estimated by rDNNs trained on AD and CN samples from the AD progression spectrum. (left: left-view,
right: right-view).

Fig. 7. Activation pattern maps estimated by the SVM classifiers trained for each classification task. The higher the values, the greater the relevance to the patho-
logical class in the AD progression spectrum (left: left-view, right: right-view).
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degradation is due to no use of the regions in the white matter. Specif-
ically, the AAL template parcellates regions of the gray matter only, while
the Kabani et al.‘s template defines regions in both the gray and white
10
matters. As visualized in Fig. 8 and explained in Section 5.5, the regions
in white matter carry useful information in AD/MCI identification. We
believe that this AAL-template based experiments further support the



Fig. 8. Averaged regional classification accuracy maps for binary classification tasks. (left: left-view, right: right-view).

Fig. 9. Examples of the regional abnormality maps from individual pMCI and sMCI subjects, estimated by the rDNNs trained on AD vs. CN samples.

Fig. 10. Averaged regional classification accuracy map for pMCI and sMCI classification with rDNNs transferred from an AD and CN classification task (left: left-view,
right: right-view).
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Table 6
Performance of four binary classification tasks with images registered to the AAL
template. Numbers in the parentheses denote the number of testing subjects for
each class.

Tasks Methods Accuracy
(%)

Sensitivity
(%)

Specificity
(%)

AUC

AD (19) vs.
CN (34)

RMV 77.36 78.95 76.47 0.8576
Ours þ
SVM

100 100 100 1

AD (24) vs.
MCI (47)

RMV 70.17 30.00 91.89 0.6743
Ours þ
SVM

70.18 25.00 94.59 0.7946

MCI (45) vs.
CN (30)

RMV 57.38 68.42 39.13 0.5584
Ours þ
SVM

63.93 60.53 69.57 0.7128

pMCI (28)
vs. sMCI
(30)

RMV 67.57 56.25 76.19 0.7649
Ours þ
SVM

67.17 56.21 75.97 0.7627

Table 7
Performance of a three-class classification task with images registered to the AAL
template. Numbers in the parentheses denote the number of testing subjects for
each class.

Tasks Classifier Accuracy
(%)

Recall (%) Precision (%)

Macro Micro Macro Micro

AD (19) vs.
MCI (37) vs.
CN (23)

RMV 44.30 28.52 28.46 43.89 44.30
Ours þ
SVM

48.10 31.43 31.67 41.01 48.10
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importance of information from white matter regions. Meanwhile, it is
noteworthy that our method still outperforms the competing method of
RMV.
12
6. Conclusion

AD or MCI identification based on structural MRI has been a long-
standing research issue and various types of related analysis methods
have been studied. In the paper, we proposed a novel method that sys-
tematically integrates voxel-based, region-based, and patch-based ap-
proaches into a unified framework. From amachine learning perspective,
our method exploits a random subspace method, nonlinear feature rep-
resentation with DNNs, and ensemble method to enhance classification
performance. By comparing the proposed method to existing methods
through experiments on the ADNI dataset, we validated the effectiveness
of the proposed method, which achieved superior performance by large
margins. Additionally, based on thorough analysis of the region-based
abnormality map produced during the inference step in the proposed
framework, we determined that our region-based abnormality method is
visualizable and interpretable for the sake of further analysis of clinical
diagnosis in terms of the AD progression spectrum. Finally, it is also
noteworthy that we estimated the activation pattern maps for each task
by combining the regional abnormality representations, learned SVM
weight coefficients, and label predictions. From the activation pattern
maps, we could identify potential imaging biomarker regions, which are
positively related to clinical states in different tasks.
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Appendix A. Tuning Regional Deep Neural Network Architectures

Since ROIs have different number of voxels, it is hard to tune hyperparameters related to a network architecture for all ROIs separately. In our work,
instead of setting network hyperparameters for each ROI separately, we took a streamlined strategy, obtained empirically from the preliminary ex-
periments with ROIs of hippocampus, entorhinal cortex, and thalamus, for example. First, we confined the input dimension to be relatively low in
f100;200;300;400g for all ROIs, insteadwe compensated such a constraint by constructing a number of the same architecture DNNs proportional to the
size of each ROI, but having each DNN with different randomly selected input variables. Second, given an input dimension, the number of units in the
first hidden layer was set to be approximately 50% larger than the input dimension and the number of units in the second hidden layer was set to be
approximately 30% of the input dimension. With this streamlined strategy, we had a manageable number of hyperparameter value sets to apply and
choose from.

Appendix B. Effect of the Random Subspace Size
Table B.1
Performance analysis of three binary classification tasks with different sizes of random subspaces in our framework. A linear SVM classifier was used to make a decisions.

Tasks Methods Accuracy (%) Sensitivity (%) Specificity (%) AUC
AD vs. CN
 Ours (RS Size¼ 100)
 86.49�7.59
 88.89�9.35
 88.98�9.39
 0.9521

Ours (RS Size¼ 200)
 92.75�6.06
 91.89�10.88
 93.47�4.32
 0.9804

Ours (RS Size¼ 300)
 86.66�4.39
 84.37�8.68
 88.65�5.48
 0.9419

Ours (RS Size¼ 400)
 86.18�4.01
 85.37�7.60
 86.90�5.80
 0.9309
MCI vs. CN
 Ours (RS Size¼ 100)
 88.23�2.52
 92.23�2.05
 81.66�7.03
 0.9535

Ours (RS Size¼ 200)
 89.22�4.13
 93.33�4.36
 82.55�8.17
 0.9573

Ours (RS Size¼ 300)
 88.04�5.35
 90.63�5.38
 83.81�9.25
 0.9473

Ours (RS Size¼ 400)
 90.05�2.83
 94.64�3.13
 82.55�5.75
 0.9579
pMCI vs. sMCI
 Ours (RS Size¼ 100)
 86.37�3.43
 83.12�8.36
 88.83�6.56
 0.9432

Ours (RS Size¼ 200)
 88.52�5.65
 87.50�9.77
 89.22�7.47
 0.9568

Ours (RS Size¼ 300)
 86.36�3.43
 83.12�8.36
 88.83�6.56
 0.9432

Ours (RS Size¼ 400)
 87.72�3.53
 81.25�7.10
 93.48�3.22
 0.9460
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Appendix C. Experiments with Two Independent Subject Groups

Table C.2:
Performance comparison on four binary classification tasks: regional mean volume (RMV), hierarchical feature fusion (HFF), regional abnormality representation with
random forest (RF-RAR). Numbers in the parentheses denote the number of testing subjects for each class.

Tasks Methods Accuracy (%) Sensitivity (%) Specificity (%) AUC
13
AD (30) vs. CN (24)
 RMV (Zhang et al., 2011)
 81.13
 73.91
 86.67
 0.8913

HFF (Liu et al., 2014a)
 98.11
 95.65
 100
 0.9667

RF-RAR (Lebedev et al., 2014)
 79.25
 73.91
 83.33
 78.62

Ours
 100
 100
 100
 1
AD (24) vs. MCI (47)
 RMV (Zhang et al., 2011)
 76.06
 50.00
 89.36
 0.8076

HFF (Liu et al., 2014a)
 71.83
 50.00
 82.98
 0.7881

RF-RAR (Lebedev et al., 2014)
 70.42
 25.00
 93.62
 0.7097

Ours
 87.32
 66.67
 97.87
 0.9202
MCI (45) vs. CN (30)
 RMV (Zhang et al., 2011)
 68.00
 83.33
 40.74
 0.7631

HFF (Liu et al., 2014a)
 84.00
 85.42
 81.48
 0.8958

RF-RAR (Lebedev et al., 2014)
 69.84
 42.86
 91.43
 0.6667

Ours
 100
 100
 100
 1
pMCI (28) vs. sMCI (30)
 RMV (Zhang et al., 2011)
 73.01
 82.14
 65.71
 0.7520

HFF (Liu et al., 2014a)
 60.32
 28.57
 85.71
 0.6490

RF-RAR (Lebedev et al., 2014)
 63.49
 39.29
 82.86
 0.6304

Ours
 95.24
 89.29
 100
 0.9949
Table C.3
Performance comparison between a linear SVM and MLP on a three-class classification task. Numbers in the parentheses denote the number of testing subjects for each
class.

Tasks Classifier Accuracy (%) Recall (%) Precision (%)
Macro
 Micro
 Macro
 Micro
AD (22) vs. MCI (47) vs. CN (31)
 SVM
 77.00
 60.87
 62.60
 78.45
 77.00

MLP
 76.00
 58.96
 61.29
 78.16
 76.00
Table C.4
Performance comparison on a three-class classification task: regional mean volume (RMV), regional abnormality representation with random forest (RF-RAR). Numbers
in the parentheses denote the number of testing subjects for each class.

Tasks Methods Accuracy (%) Recall (%) Precision (%)
Macro
 Micro
 Macro
 Micro
AD (22) vs. MCI (47) vs. CN (31)
 RMV (Zhang et al., 2011)
 52.00
 35.30
 35.14
 52.50
 52.00

RF-RAR (Lebedev et al., 2014)
 41.00
 22.41
 21.08
 28.55
 43.21

Ours þ SVM
 77.00
 60.87
 62.60
 78.45
 77.00
Appendix D. List of the ROIs
Table D.5
List of the ROIs in Kabani et al.‘s atlas.

ID ROI Name ID ROI Name
1
 medial front-orbital gyrus right
 48
 middle temporal gyrus left

2
 middle frontal gyrus right
 49
 lingual gyrus left

3
 lateral ventricle left
 50
 superior frontal gyrus left

4
 insula right
 51
 nucleus accumbens left

5
 precentral gyrus right
 52
 occipital lobe WM left

6
 lateral front-orbital gyrus right
 53
 postcentral gyrus left

7
 cingulate region right
 54
 inferior frontal gyrus right

8
 lateral ventricle right
 55
 precentral gyrus left

9
 medial frontal gyrus left
 56
 temporal lobe WM left

10
 superior frontal gyrus right
 57
 medial front-orbital gyrus left

11
 globus palladus right
 58
 perirhinal cortex right

12
 globus palladus left
 59
 superior parietal lobule right

13
 putamen left
 60
 lateral front-orbital gyrus left

14
 inferior frontal gyrus left
 61
 perirhinal cortex left

15
 putamen right
 62
 inferior temporal gyrus left

16
 frontal lobe WM right
 63
 temporal pole left

17
 parahippocampal gyrus left
 64
 entorhinal cortex left

18
 angular gyrus right
 65
 inferior occipital gyrus right

19
 temporal pole right
 66
 superior occipital gyrus left

20
 subthalamic nucleus right
 67
 lateral occipitotemporal gyrus right

21
 nucleus accumbens right
 68
 entorhinal cortex right
(continued on next column)
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Table D.5 (continued )
ID
 ROI Name
14
ID
 ROI Name
22
 uncus right
 69
 hippocampal formation left

23
 cingulate region left
 70
 thalamus left

24
 fornix left
 71
 parietal lobe WM right

25
 frontal lobe WM left
 72
 insula left

26
 precuneus right
 73
 postcentral gyrus right

27
 subthalamic nucleus left
 74
 lingual gyrus right

28
 posterior limb of internal capsule inc. cerebral peduncle left
 75
 medial frontal gyrus right

29
 posterior limb of internal capsule inc. cerebral peduncle right
 76
 amygdala left

30
 hippocampal formation right
 77
 medial occipitotemporal gyrus left

31
 inferior occipital gyrus left
 78
 parahippocampal gyrus right

32
 superior occipital gyrus right
 79
 anterior limb of internal capsule right

33
 caudate nucleus left
 80
 middle temporal gyrus right

34
 suramarginal gyrus left
 81
 occipital pole right

35
 anterior limb of internal capsule left
 82
 corpus callosum

36
 occipital lobe WM right
 83
 amygdala right

37
 middle frontal gyrus left
 84
 inferior temporal gyrus right

38
 superior parietal lobule left
 85
 superior temporal gyrus

39
 caudate nucleus right
 86
 middle occipital gyrus left

40
 cuneus left
 87
 angular gyrus left

41
 precuneus left
 88
 medial occipitotemporal gyrus right

42
 parietal lobe WM left
 89
 cuneus right

43
 temporal lobe WM right
 90
 lateral occipitotemporal gyrus

44
 suramarginal gyrus right
 91
 thalamus right

45
 superior temporal gyrus left
 92
 occipital pole left

46
 uncus left
 93
 fornix right

47
 middle occipital gyrus right
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