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Abstract

Neuroimaging has made it possible to measure pathological brain changes associated with
Alzheimer’s disease (AD) /n vivo. Over the past decade, these measures have been increasingly
integrated into imaging signatures of AD by means of classification frameworks, offering
promising tools for individualized diagnosis and prognosis. We reviewed neuroimaging-based
studies for AD classification and mild cognitive impairment, selected after online database
searches in Google Scholar and PubMed (January, 1985 to June, 2016). We categorized these
studies based on the following neuroimaging modalities (and sub-categorized based on features
extracted as a post-processing step from these modalities): i) structural magnetic resonance
imaging [MRI] (tissue density, cortical surface, and hippocampal measurements), ii) functional
MRI (functional coherence of different brain regions, and the strength of the functional
connectivity), iii) diffusion tensor imaging (patterns along the white matter fibers), iv)
fluorodeoxyglucose positron emission tomography (metabolic rate of cerebral glucose), and v)
amyloid-PET (amyloid burden). The studies reviewed indicate that the classification frameworks
formulated on the basis of these features show promise for individualized diagnosis and prediction
of clinical progression. Finally, we provided a detailed account of AD classification challenges and
address some future research directions.
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1. Introduction

Alzheimer’s disease (AD), the most prevalent form of dementia, is expected to affect 1 out
of 85 people in the world by the year 2050 (Brookmeyer et al., 2007). The pathophysiology
of AD is increasingly becoming clearer. The brain of an AD patient accumulates abnormal
proteins (A and tau) in the form of amyloid p/agues and neurofibrillary tangles, eventually
resulting in loss of neurons (Frisoni et al., 2010; Jagust, 2013). Brain changes due to AD
occur even before amnestic symptoms appear (Buckner, 2004), and occur in a pattern that
typically includes the temporal lobe and hippocampus (Braak, Braak, 1991). It has been
suggested that this inevitable atrophy can be a valuable marker of neurodegeneration
(Frisoni et al., 2010), as measured with structural magnetic resonance imaging (SMRI).
Further alterations in function, connectivity and metabolism can be detected using functional
MRI (fMRI) (Agosta et al., 2012; Binnewijzend et al., 2012; Dennis, Thompson, 2014; Fan
et al., 2011; Fox, Raichle, 2007), and fluorodeoxyglucose positron-emission tomography
(FDG-PET) (Gray et al., 2012; Padilla et al., 2012; Pagani et al., 2015; Teipel et al., 2015;
Toussaint et al., 2012). However, the subtleties of the changes in early AD stages make it
difficult to distinguish patterns easily by conventional radiologic readings or even by
quantitative analysis. Thus, it remains challenging to establish reliable markers for
diagnosing and monitoring disease progression in the early stages and on an individual basis.

Numerous neuroimaging studies have used region of interest (ROI)-types of analyses to
investigate subtle changes associated with AD (Chetelat, Baron, 2003; Lerch et al., 2008).
Such studies rely solely on prior knowledge to guide the selection of ROIs and features, thus
ignoring brain changes outside the studied region(s) and failing to discover new knowledge.
Machine learning offers a systematic approach in developing sophisticated, automatic, and
objective classification frameworks for analyzing high-dimensional data and can learn
complex and subtle patterns of change across various imaging modalities (Sajda, 2006).
Typically, a classification framework includes at-least feature extraction and classification
algorithm to build predictive models that facilitate the automation of medical decision
support (Chiang, Pao, 2016) and provide increased objectivity in these decisions.
Furthermore, classification frameworks can be used to develop imaging markers or indices
(Davatzikos et al., 2008) with high sensitivity and specificity in individuals (Sajda, 2006)
that can summarize the imaging profile of a subject into a single meaningful value (Habes et
al., 2016b). This creates a more individualized, patient-tailored approach (Ithapu et al.,
2015), which is imperative in the current age of personalized medicine because it allows
further consideration of genetic or life-style risks, by utilizing advanced computational
power (Habes et al., 2016a; Habes et al., 2016b; Habes et al., 2016c).

In recent years, a large body of research has been published on neuroimaging-based
computer-aided classification of AD and its prodromal stage, mild cognitive impairment
(MCI). Motivated by this rapid proliferation of AD/MCI classification studies and the lack
of literature summarizing different AD-related features as extracted from neuroimaging data
and classification algorithms, we present an overview of pertinent advances in this field. We
summarize key representative studies on neuroimaging-based classification of AD/MCI and
provide a brief account of the main aspects of these studies, such as study population, type
of features, the adopted classification algorithm, and the reported classification success rates.
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Furthermore, we highlight several bottlenecks (i.e. limited sample size and variability in data
settings across the different studies) and discuss the generalizability and reproducibility of
existing AD classification studies, as well as the important and largely unexplored issue of
heterogeneity in AD.

Recent review papers (Arbabshirani et al., 2017; Falahati et al., 2014) reported studies on
MRI-based classification of AD and MCI, limiting AD classification to MRI only.
Pathological brain changes related to AD can be captured via various imaging modalities,
such as FDG-PET and amyloid-PET, therefore, a comprehensive review on AD
classification should not be limited to MRI only. This review is further unique in that it
focuses exclusively on those studies that have extensively leveraged cross-validation
strategies to estimate the performance of their classification frameworks. Cross-validation is
generally designed to achieve independent training and test data for a classification
algorithm and defined as split the data once (split-in-train-test) or several times (k-fold
cross-validation) to obtain an unbiased estimate of the classification performance of the
algorithm and avoid over fitting (Arlot, Celisse, 2010; Kohavi, 1995). In the split-in-train-
test, data is randomly divided into independent training and test subsets, optimally with
matched demographic characteristics. The training subset is used solely for the learning
procedure of the classification algorithm and the test subset is used to estimate the
performance of the trained classification algorithm. In k-fold, data is divided into k-folds and
a classification algorithm is tested on ki fold after being trained on k-1 folds in ki iteration.
Furthermore, we provide in-depth detail about AD-related feature extraction methods from
various neuroimaging modalities, important information that is mostly lacking in existing
review papers.

2. Selection criteria

We searched in PubMed and Google Scholar, from January 1985 to June 2016, and
identified 409 studies based on the given search criteria. We included original peer-reviewed
research studies that exclusively used cross-validation strategies to estimate the performance
of their classification frameworks. In addition, studies conducted for method comparisons
and studies not focusing primarily on AD classification were excluded from this review.
Finally, this criterion resulted in 81 studies that were reviewed and presented here. A more
thorough explanation of the search and screening process, and databases generated from the
search in Google Scholar and PubMed are provided in the Supplementary Material.

3. Classification frameworks for Alzheimer’s disease and its prodromal

stages

Over the past decade, classification frameworks have been used successfully to analyze
complex patterns in neuroimaging data with a view to the classification of AD and MCI
subjects. A classification framework is comprised of four major components: feature
extraction, feature selection, dimensionality reduction, and feature-based classification
algorithm. Feature extraction and classification algorithm are the minimally required
components, as shown in Figure 1, whereas other components can be applied as needed. The
studies having minimal required components of classification framework were considered

Neuroimage. Author manuscript; available in PMC 2018 July 15.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Rathore et al.

Page 4

potential candidates for inclusion in the paper provided meeting other criteria. In the feature-
extraction process, AD-related features from various neuroimaging modalities, such as
structural MR, functional MR, diffusion tensor imaging (DTI), amyloid-PET, and FDG-
PET, are extracted from the training subjects. The term ‘features’ refers to the post-
processing applied on raw medical imaging data to derive more informative measures. The
examples of such derived measures include regional tissue densities, regional cortical
thickness, etc. These derived measures can vary from millions (when all the voxels are used
as features) to a few (when a few representative measures are extracted from the brain). The
features extracted from various modalities can be used in isolation or combined to make use
of the complementary information provided by several modalities. A classification algorithm
(predictive model) is then trained on the extracted features to provide diagnostic support in
predicting cognitively normal (CN) and diseased subjects.

In the aforementioned classification framework, the selection of an appropriate modality for
obtaining imaging data and accurate feature extraction for AD classification is often more
important than the selection of the underlying classification algorithms in order to achieve
higher prediction rates (Sabuncu, Konukoglu, 2015). Therefore, we provided more details on
feature extraction for the included studies in this review. Overall, the paper is divided into
various sections, where each section focuses on features extracted from one particular
imaging modality, such as structural MRI, functional MRI, DTI, and PET. A section on
multimodal AD/MCI classification studies, which describes how features extracted from
various imaging modalities are combined to utilize their complementary information, is
included at the end.

3.1. Structural MRI-based studies

Cerebral neurodegeneration is characterized by early damage to synapses, followed by
degeneration of axons and ultimately, atrophy of the dendritic tree and perikaryon (Serrano-
Pozo et al., 1101). This neurodegeneration process is more severe in certain parts of the
brain, such as the right and left hippocampus, temporal and cingulate gyri, and precuneus
(Baron et al., 2001; Busatto et al., 2003; Frisoni et al., 2002; Ishii et al., 2005). The
inevitable atrophy, caused by neurodegeneration, is generally measured using structural
MRI, and serves as a valuable marker of the stage and aggressiveness of the
neurodegenerative aspect of the AD pathology in the individual (Frisoni et al., 2010; Vemuri,
Jack, 2010). The atrophic process in these regions leads to profound structural changes in the
brain, such as thinning of the cortical surface, structural variation in several brain regions
and variation in the regional tissue densities, and have been demonstrated in several
neuroimaging-based studies of AD classification. A top-level breakdown of these studies is
shown in Figure 2. Three main feature extraction methods for assessing structural variation
are considered: i) density maps, ii) cortical surface, and iii) pre-defined regions-based
methods.

3.1.1. Density map-based methods—Density map-based methods quantify patterns of
atrophy by utilizing density maps of white matter (WM), grey matter (GM), and
cerebrospinal fluid (CSF), which are generated by methods such as voxel-based
morphometry (VBM) (Ashburner, Friston, 2000) or regional analysis of volumes examined
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in normalized space (RAVENS) maps (Davatzikos et al., 2001). Depending on how the
density maps are used, these methods can be further divided into two categories: i) whole
density maps as features (DMAF), and ii) reduced density map features. The studies that fall
within these categories are listed in Table 1.

3.1.1.1. Whole density maps as features (DMAF)-based methods: This method is
centered on the construction of a feature vector by utilizing the density maps for WM, GM,
or both for classification.

In an earlier study, the GM density map of the entire brain together with a support vector
machine (SVM) achieved promising AD classification (Kloppel et al., 2008). In that study,
relatively lower GM density was found in the hippocampus of AD subjects, which was a
strong indicator of hippocampal atrophy, consistent with previous research (Frisoni et al.,
2002). In addition, GM maps have been used for AD classification, by employing a large-
scale regularization approach (Casanova et al., 2011) and spatially augmented linear
programming boosting method (LPBM) (Hinrichs et al., 2009), and to predict conversion
from MCI to AD, by using SVM (Adaszewski et al., 2013). Termenon et al., used GM
density maps to develop feature vectors for AD classification (Termenon, Grafia, 2012) by
employing a two-stage classification framework, wherein a relevance vector machine
classifier (Tipping, 2001) was used in the first stage. The subjects that fell into the low
confidence interval of the classifier were used as the input for the second classifier in the
prediction. SVM, nearest neighbor, relevance vector machine, and learning vector
quantization were used as second-stage classifiers, however, SVM was better. Recently,
Moller et al. also used GM density map for SVM-based AD classification (Moller et al.,
2016).

Furthermore, the Jacobian determinants, calculated from these density maps, have been used
as features for predicting conversion from MCI to AD by using SVM, Bayes statistics, and
voting feature interval classifiers (Plant et al., 2010).

These methods achieved a = 81% accuracy in AD classification, and a = 62% accuracy in
prediction of AD conversion. Furthermore, the two-stage framework proposed by Termenon
et al. demonstrated superior classification accuracy (from 77% to 87%) than its single-stage-
based counterpart (Termenon, Grafia, 2012).

3.1.1.2. Reduced density map feature-based methods: DMAF-based methods suffer the
drawback of dimensionality, as the numbers of features are typically larger than, or
comparable to, the number of the available subjects. When the number of features is high
relative to the number of subjects in the training set, it is possible that classification rules
yielding high accuracy on the training set were originated only by chance. This can lead
many classification algorithms to select classification rules that could fail to generalize to
new data (Vapnik, 1999). Consequently, features have been reduced using supervised or
unsupervised feature-reduction methods, or they have been extracted from pre-defined
atlases and adaptive regions in order to reduce dimensionality.
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* Supervised/unsupervised feature-reduction-based methods: These methods essentially
focus on distilling large-sized density maps to fewer, meaningful features in a supervised or
unsupervised fashion. Among the unsupervised methods, Salvatore et al. used principal
component analysis (PCA) to reduce the dimensions of WM and GM density maps. The
reduced density maps were used for SVM-based AD classification and prediction of
conversion from MCI to AD (Salvatore et al., 2015). In addition, Liu et al. used local linear
embedding method to transform multivariate regional brain volume and cortical thickness
MRI data to a locally linear space, with fewer dimensions, while also utilizing the global
nonlinear data structure (Liu et al., 2013). The embedded brain features were then used to
train classification algorithms such as regularized logistic regression (RLR), SVM, and
linear discriminant analysis (LDA).

On the other hand, Beheshti et al. proposed reduction of the dimensions of GM maps in a
supervised fashion (Beheshti, Demirel, 2015). They used the intensity distribution of voxels
of GM maps, rather than using the intensities of all the voxels of GM maps, as features. The
optimal number of bins in the intensity distribution was selected based on the Fisher
criterion maximization between AD and CN subjects, and the resultant intensity distribution-
based features were used for SVM-based AD classification.

« Atlas-based methods: These methods rely on parcellation of brain image into several
anatomical regions based on pre-defined anatomically labeled atlases (such as automated
anatomical labeling (AAL) atlas (Tzourio-Mazoyer et al., 2002) and laboratory of
neuroimaging (LONI) atlas (Shattuck et al., 2008)), followed by extraction of features from
those particular regions. For example, Magnin et al., used AAL to parcellate the brain image
into 116 regions, and then used the relative weight of the GM, compared to that of the WM
and CSF, for each parcellated region to develop a feature vector for SVM-based AD
classification (Magnin et al., 2009).

« Adaptive-ROI-based methods: Traditionally, atlas-based methods are used to obtain
regional measurement of anatomical features and to investigate abnormal tissue structures in
disease conditions. However, in practice, prior knowledge of abnormal regions is not always
available. Even when a prior hypothesis can be made about specific ROIs, a region
demonstrating abnormality might be part of a single ROI, or span multiple ROIs, thereby
potentially reducing the significance of further analysis. Therefore, adaptive ROIs have been
calculated to reduce the dimensions of density maps and to resolve this issue. Furthermore,
depending on the number of sets of adaptive ROIs that are calculated, these methods can be
divided into two categories: i) single-set adaptive ROIs, and ii) multiple-set adaptive ROls.

1. Single-set adaptive ROIs: In this method, subjects are registered to one particular atlas,
and adaptive ROIs and corresponding regional volumetric measures are calculated in that
atlas space. In earlier work, Davatzikos et al. calculated RAVENS density maps and used a
watershed clustering algorithm-based method (Fan et al., 2007) to calculate an adaptive set
of ROIs for SVM-based AD classification, using the multi-centric ADNI (Alzheimer’s
disease neuroimaging initiative (Weiner et al., 2015)) dataset. They reported a high cross-
validated classification accuracy of 94.30%, with a pattern involving many temporal lobe
GM regions, peri-hippocampal WM, and CSF (Fan et al., 2008a). The trained SVM in this
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study was used to determine the spatial pattern of abnormality for recognition of early AD
(SPARE-AD) index, which was later tested independently in CN and MCI subjects of the
Baltimore longitudinal study of aging (BLSA) (Davatzikos et al., 2011) dataset. In
subsequent studies, the same classification framework was used for MCI classification
(Davatzikos et al., 2008) and prediction of conversion from MCI to AD (Misra et al., 2009).

2. Multiple-set adaptive ROIs: In this method, subjects are registered to multiple atlases,
and adaptive ROIs and corresponding regional volumetric measures are calculated in each
atlas space to overcome the inherent bias associated with one atlas. For example, Min et al.
derived multiple atlases from the non-overlapping clusters of subjects (Min et al., 2014),
obtained using affinity propagation (Frey, Dueck, 2007). They registered subjects to the
atlases and adaptively calculated a set of ROIs and volumetric features in each atlas space.
The top-most K discriminating features calculated from each atlas space were combined for
SVM-based classification. Subsequently, Liu et al. argued that the features extracted from K
sets of adaptive ROIs are different representations of the same subject (Liu et al., 2015), and
should not be concatenated, as in a previous study (Min et al., 2014). To resolve this, Liu et
al. registered subjects to different selected atlases and extracted features from adaptive
regions of each atlas-registered image, viewing that image as the main source, and all other
atlas registered-images as adjunctive sources (Liu et al., 2015). SVM was separately trained
on features extracted from each set and the results of multiple sets were combined using
majority voting.

The multiple-set adaptive ROIs-based methods were quite effective, and improved AD/CN
classification from 84.18% to 92.51% (Liu et al., 2015) and progressive MCI (pMCl)/stable
MCI (sMCI) classification from 70.06% to 78.88% (L.iu et al., 2015) compared to single-set
adaptive ROIs-based methods.

3.1.2. Surface-based methods—AD patients generally show changes in temporal and
parietal regions of the cortical surface (Bakkour et al., 2009; Dickerson et al., 2009;
Dickerson et al., 2011). Although these changes are not easily visible or measureable in the
early stages of AD, classification frameworks have been able to detect subtle changes in the
cortical surface by analysis of complex cortical surface data, in a way that is complementary
to regional volumetric maps extracted in a voxel-wise manner. Cortical surface measures are
extracted from all the vertices of a surface. These measures are either used directly or are
reduced by applying feature reduction methods, thereby leading to two main categories: i)
vertices as features-based methods, and ii) reduced vertices as features-based methods. The
studies of AD diagnosis support employing cortical surface-based features are listed in Table
2.

3.1.2.1. Vertices as features-based methods: This family of AD classification frameworks
solely relies on the features calculated from all the vertices of a cortical surface. For
instance, Li et al. calculated a variety of morphological features, including volumetric
(cortical thickness, surface area, and GM volume) and geometric (sulcal depth, metric
distortion, and mean curvature) measures, at each vertex on the pial surface (Li et al.,
2014b), which were used for SVM-based MCI classification.
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3.1.2.2. Reduced vertices as features-based methods: The use of cortical surface features
of all the vertices suffers from the same dimensionality drawback, for reasons similar to
those mentioned in Section 3.1.1.2. Consequently, these features have either been reduced by
means of feature-reduction methods, or extracted from regions of pre-defined atlases.

* Supervised/unsupervised feature-reduction-based methods: In these methods, the
dimensions of long feature vector comprising features of all the vertices of the brain are
reduced by applying supervised or unsupervised feature reduction methods. For example,
Cho et al. converted thickness data to a frequency domain and achieved lower
dimensionality by filtering out high-frequency (noise) components (Cho et al., 2012). They
employed an incremental learning-based LDA for reduced dataset-based AD classification.
Park et al. addressed this issue by modeling the cortical surface using three-dimensional
(3D) meshes and extracted cortical thickness parameterized by these meshes (Park et al.,
2012) for SVM-based AD and MCI classification. Later, Park et al. applied this
classification framework to longitudinal data for the early detection of AD (Park et al.,
2013). They trained SVM on MCI and CN subjects, and tested it on the subjects who
converted to AD, using the images of the subjects taken one time-point before the actual
conversion. They achieved promising early prediction of conversion (83%) from MCI to
AD.

* Atlas-based methods: In these methods, the original brain images are registered to certain
standardized stereotaxic spaces (Fischl et al., 1999), and cortical maps/features are
computed (Fischl, Dale, 2000; Jones et al., 2000; MacDonald et al., 2000) and tessellated
into various regions using existing atlas templates (Desikan et al., 2006). Unlike the
structural templates discussed in Section 3.1.1.2, which are used in the volume space, these
atlas templates are used in the surface space. The features of the tessellated regions are used
in feature vector development, which then is used in classification.

Desikan et al. used average cortical thickness of all the tessellated regions for MCI and AD
classification (Desikan et al., 2009) using logistic regression (LR). The cortical thickness in
the entorhinal cortex and supramarginal gyrus proved to be a better predictor of MCI than
the cortical thickness of other regions. Similarly, Oliveira et al. used regional thickness
measures and the average thickness of the entire brain for AD classification by means of
SVM (Oliveira et al., 2010). They found that the average cortical thickness of the entire
brain was a better predictor of AD than the regional thickness features. Wee et al. used
regional thickness measures, cerebral cortical GM and associated WM volumes, and
correlative features, which were obtained based on the similarity of cortical thickness
between pairs of brain regions (Wee et al., 2013). Features were first selected using t-tests,
and later using minimum-redundancy and maximum-relevance (MRMR) (Peng et al., 2005)
in conjunction with SVM recursive-feature elimination (SVM-RFE). Multi-kernel SVM was
used for classification. McEvoy et al. also used average regional cortical thickness and
volumetric measures for LDA-based AD classification and prediction of conversion from
MCI to AD (McEvoy et al., 2009). Lillemark et al. used the proximity between the center of
mass and percentage surface connectivity of different brain regions as features for LDA-
based AD and MCI classification (Lillemark et al., 2014).

Neuroimage. Author manuscript; available in PMC 2018 July 15.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Rathore et al.

Page 9

Recently, Eskildson et al. investigated the prediction of AD conversion by measuring
regional thickness at various stages of MCI conversion to AD (Eskildsen et al., 2013). To
this end, pMCI subjects were categorized based on time to conversion to AD (6, 12, 24, or
36 months), and each category was classified against SMCI subjects. Features were reduced
using mMRMR, and LDA was used to determine the classification accuracy. The classification
based on stage-specific categories of pMCI subjects demonstrated better accuracy than the
overall classification of pMCI and sMCI subjects.

In addition, the efficacy of regional thickness measures was investigated using orthogonal
partial least-squares of the latent structures for AD classification in two independent cohorts
(ADNI and AddNeuroMed (Lovestone et al., 2009; Lovestone et al., 2007)) and a pool of
these cohorts (ADNI + AddNeuroMed) (Westman et al., 2011). Results demonstrated similar
patterns of atrophy in two individual cohorts, showing that the key regions involved in AD
classification were similar in both cohorts. They further proved similarity in the patterns of
atrophy through training the classification algorithm on one cohort and testing it on the
other. For example, AD classification derived from training on the AddNeuroMed cohort
and testing on the ADNI cohort, and vice versa, led to accuracies of 86.0% and 83.40%,
respectively. The individual and pooled cohorts were further used to predict the conversion
from MCI to AD. For instance, the classification algorithm trained on the combined cohort
classified 71% of the pMCI as AD-like and 60% of the SMCI as CN-like.

The reduced vertices as features-based methods demonstrated better classification accuracy
than raw vertices as feature-based methods as shown by improvement of 10-13% for
different subject groups (Park et al., 2012). Moreover, the supervised/unsupervised feature
reduction-based methods offered better classification accuracy than atlas-based methods. An
overall improvement of 2—-8% over atlas-based methods was seen for different subject
groups (86.67%—-88.33% for AD/CN (Cho et al., 2012) and 65.22%-71.21% for pMCI/
SMCI (Cho et al., 2012)).

3.1.3. Pre-defined regions-based methods—These methods are based on the prior
knowledge of the magnitude and spatial pattern of AD that were acquired by studies
previously conducted on histological or imaging data (Baron et al., 2001; Frisoni et al.,
2002). Generally, features of some of the important regions that have shown to contain
discriminatory AD-related information are extracted and used for classification. The datasets
and classification accuracies of the studies using these methods are listed in Table 3.

3.1.3.1. Hippocampal features: The hippocampus is amongst the few structures of the
medial temporal lobe that undergo severe structural changes in AD (Braak, Braak, 1991).
The structural variation between the hippocampus of AD and healthy individuals has been
studied intensively (Killiany et al., 2002; Wisse et al., 2014). The geometric properties of the
hippocampus have been exploited as useful biomarkers in a few AD and MCI classification
studies. For example, the shape of the hippocampus, quantified by spherical harmonics
(Gerardin et al., 2009), surface-based anatomic mesh modeling (Li et al., 2007), statistical
shape modeling (Shen et al., 2012), and large-deformation diffeomorphic metric mapping
and PCA (Wang et al., 2007b), has been shown to be an effective biomarker for AD and
MCI classification. The shape and volumetric features of the hippocampus have also been
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combined for SVM-based AD conversion prediction (Costafreda et al., 2011). Interestingly,
a study demonstrated superiority of hippocampal texture over reduction in its volume for
SVM-based prediction of conversion from MCI to AD (Sorensen et al., 2016).

3.1.3.2. Biologically selected features: AD affects brain regions well beyond the
hippocampus, such as atrophy of the entorhinal cortex (Dickerson et al., 2001), expansion of
the ventricles (Ridha et al., 2008), and volumetric changes in other subcortical nuclei
(amygdala, putamen, caudate, and thalamus) (Madsen et al., 1312; Visser et al., 1999). The
analysis of structures beyond the hippocampus may not only improve understanding of the
spatial pattern of AD, but may also lead to a more precise diagnosis. Therefore, features of
these biologically selected regions are sometimes used directly for classification of subjects
into normal and diseased classes. For example, Chincarini et al. used the statistical and
textural features of the entorhinal cortex, perirhinal cortex, hippocampus, and
parahippocampal gyri (Chincarini et al., 2011). The features of each region were analyzed
with a random forest classifier to extract the relevant ones, which were subsequently
processed with SVM for prediction of AD conversion. Recently, Tang et al. used shape
diffeomorphometry of the left and right amygdala, hippocampus, thalamus, caudate,
putamen, globus pallidus, and lateral ventricle for prediction of AD conversion using LDA
(Tang et al., 2015).

3.2. Functional MRI-based studies

The neurodegenerative process of AD induces changes in functional connectivity between
various regions of the brain (Fransson, 2005; Wang et al., 2007a). These alterations are
generally measured while the patient is at rest, using resting-state functional MRI (rs-fMRI).
Rs-fMRI, in principle, measures the brain activity by quantifying the blood oxygen level-
dependent signal, whereby an increased oxygen level is observed in activated regions of the
brain due to increased blood flow. Various rs-fMRI studies have reported the existence of
resting-state networks, which are characterized by spatially coherent, spontaneous
fluctuations in the blood ox gen level-dependent signal and are made up of regional patterns
that are commonly involved in brain functions, such as attention, sensory, or default mode
processing (Fox, Raichle, 2007; Seeley et al., 2007). A network that is related to AD and has
increasingly received attention is the default mode network (DMN) (Greicius et al., 2003;
Greicius et al., 2004) also called the “task-negative’ network (anti-correlated to ‘task
positive’ network) (Fox et al., 2005; Fransson, 2005), since its activity increases in the
absence of a task. AD compromises primary brain targets, such as the DMN, by disrupting
their functional activity (He et al., 2007; Li et al., 2002), as well as the functional
connectivity between primary targets and the remaining parts of the brain (Wang et al.,
2007a; Wang et al., 2006). Some studies have reported that functional changes appear well
before the changes in structural MRI become evident (Pievani et al., 2011; Teipel et al.,
2015). However, those studies are rare, and additional studies should be conducted to test
whether functional MRI changes can appear before structural MRI.

The preliminary evidence of disrupted functional connectivity (Li et al., 2002; Wang et al.,
2007a; Wang et al., 2006), and its association with AD have led researchers to hypothesize
that proper quantification of the functional connectivity across different brain regions can
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capture the global distribution of the abnormalities present in AD, and can further aid in AD
classification (Chen et al., 2011; Jie et al., 2014). Such quantification involves spatial
parcellation of fMRI data according to a structural brain template, and calculation of pair-
wise connectivity between the activation in all pairs of regions. The connectivity
information, generally defined as the correlation, covariance, or the mutual information
between the fMRI time series of the two regions, is stored in an 7 x nmatrix for each
subject, where 77is the number of brain regions obtained by parcellation. The connectivity
information is then used as input for classification. For example, Chen et al. used Pearson
correlation coefficient as connectivity metric for Fisher LDA-based AD and MCI
classification (Chen et al., 2011). In addition, Challis et al. used covariance as a connectivity
metric for Gaussian-process, logistic regression model-based AD and MCI classification
(Challis et al., 2015). They showed that the connectivity strength between the medial
structures and temporal and sub-cortical regions best classified MCI, and that the
connectivity strength between the frontal areas and the rest of the brain best classified AD. It
has also been suggested to develop graphs on connectivity matrcies and compute network
measures from the graph instead of using raw connectivity matrices. For example, Jie et al.,
proposed to extract global topology and local connectivity based features from the graph.
The least absolute shrinkage and selection operator was used for feature selection, while
multi-kernel SVM was used for MCI classification (Jie et al., 2014). Similarly, Khazaee et
al. computed integration and segregation measures from the graph, and used Fisher score for
feature selection and SVM for AD classification (Khazaee et al., 2015).

Overall, the functional connectivity-based methods demonstrated good classification results
(97.00% for AD/MCI (Challis et al., 2015) and 91.90% for MCI/CN (Jie et al., 2014)).

3.3. Diffusion tensor imaging (DTI)-based studies

AD is associated with loss of brain barriers that restrict water motion, thereby compromising
the integrity of WM, and leading to abnormal diffusivity patterns (Xie et al., 2006). DTI is
used to analyze water diffusion at the microstructural level of the brain for determining the
abnormal diffusion pattern of AD. Voxel-based studies showed that AD and MCI subjects
have reduced fractional anisotropy (FA) in multiple posterior WM regions (Medina et al.,
2006) and increased mean diffusivity (MD) in the posterior occipital-parietal cortex, and
right parietal supramarginal gyrus (Rose et al., 2006). ROI-based studies demonstrated
higher MD and/or lower FA in the hippocampus (Fellgiebel et al., 2006; Kantarci et al.,
2001; Muller et al., 2005; Muller et al., 2007) and posterior cingulate (Choo et al., 2010;
Fellgiebel et al., 2005). Interestingly, a previous study suggested that diffusivity measures of
the hippocampus are better predictors of MCI conversion than volume (Fellgiebel et al.,
2006). Evidence of abnormal and complex diffusivity patterns has led to the hypothesis that
these biomarkers can be used for AD classification using advanced classification framework
(Selnes et al., 2013). The studies using DTI-based features, summarized in Table 5, can be
further divided into three categories, depending on how features are extracted: i)
tractography, ii) connectivity network measures, and iii) discriminative voxel selection.

3.3.1. Tractography-based methods—In this method, the fibers located by means of
tractography are clustered into various fiber bundles, based on an anatomical atlas. The
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located fibers are reduced to a compact, low-dimensional representation, from which
diffusivity measures are calculated for classification. For example, Nir et al. used
tractography to locate fibers, then clustered them into 18 fiber bundles based on the 18
regions defined in Johns Hopkins University probabilistic WM tract atlas (Nir et al., 2015).
They computed density maps to quantify the number of fibers passing through each voxel,
and used the shortest path graph search to reduce fiber bundles to a compact, low-
dimensional representation, based on the maximum density path (MDP). These MDPs were
registered across subjects, and diffusivity measures of FA and MD, computed along all the
MDPs, were used as features for SVM-based AD and MCI classification.

3.3.2. Connectivity network measure-based methods—In this method, DTI images
are parcellated into anatomical regions, and several features are calculated from the fibers
within these regions. Connectivity networks are developed based on these regions (i.e.,
features) and a collection of network measures are derived for classification. In this context,
Wee et al. parcellated the brain into anatomical regions, and developed connectivity
networks based on the regional features of fiber count, averages of on-fiber FA, MD, and
three principal diffusivities (Wee et al., 2011). Clustering coefficients of all the regions,
computed for all the networks, were used as features. The feature set was reduced by
determining the Pearson correlation coefficient, and SVM-RFE was used for MCI
classification. Recently, Prasad et al. adopted the same methodology, and developed two
connectivity networks based on regional features of fiber count, and flow along the fibers
(Prasad et al., 2015). Raw connectivity matrices and various other network measures, such
as global efficiency, transitivity, path-length, modularity, radius, and diameter were used for
SVM-bhased classification of early and late MCI subjects.

3.3.3. Discriminative voxel selection-based methods—In this method,
discriminative voxels are selected to reduce the dimensionality of DTI data, and diffusion
measures of selected voxels are used as features for classification. Dyrba et al. adopted this
approach in two of their studies. In the first study, they used PCA and an entropy-based
information gain criterion for selecting discriminative voxels, and used diffusion measures
of the FA, MD and mode of anisotropy of the selected voxels as features for SVM-based AD
classification (Dyrba et al., 2013). In the subsequent study (Dyrba et al., 2015a), they used
the same classification framework for classifying MCI subjects, stratified by their positive or
negative amyloid burden.

3.4. Positron-emission tomography (PET)-based studies

The characteristic patterns of glucose metabolism on brain FDG-PET and of amyloid
deposition on amyloid PET can help in differentiating AD from healthy individuals. An
association between AD and hypometabolism was found in several brain regions, such as the
parieto—"temporal and posterior cingulate cortices (Mosconi et al., 2008), and hippocampus
(Mosconi et al., 2005). Similarly, AD subjects compared to healthy individuals have shown
higher amyloid burden in overall cortex and all cortical regions (precuneus, anterior and
posterior cingulate, and frontal median, temporal, parietal and occipital cortex) (Camus et
al., 2012). These evidences of the association of hypometabolism and amyloid burden with
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AD encouraged the use of FDG-PET and amyloid PET as a suitable biomarker for AD
classification.

3.4.1. FDG-PET—Recently, there has been a growing interest in using the cerebral glucose
metabolism rate for AD classification and prediction of conversion from MCI to AD (Gray
etal., 2012; Toussaint et al., 2012). Four main methods that utilize the cerebral glucose
metabolism rate are considered here: voxels as feature (VAF)-based, discriminative voxel
selection-based, atlas-based, and projection-based methods. Table 6 lists the studies using
these methods, and their datasets and corresponding classification performance.

3.4.1.1. VAE-based methods: This set of methods, similar to those discussed for structural
MRI in section 3.1, utilizes the intensity value of all the voxels of an input PET scan.
Hinrichs et al. adopted this approach for AD classification using LPBM (Hinrichs et al.,
2009).

3.4.1.2. Discriminative voxel selection-based methods: The prominent goal of these
methods is to simultaneously select the informative voxels (features) used in VAF-based
methods. For example, Cabral et al. used this method to investigate the prediction of AD
conversion based on FDG-PET images at various time-points (Cabral et al., 2015).
Discriminative voxels of the images were selected using mutual information criterion, and
SVM and Gaussian naive bayes were used for classification. The classification based on
stage-specific categories of pMClIs demonstrated better predictive accuracy than did the
overall classification of pMCI and sMCI, a result also demonstrated earlier by (Eskildsen et
al., 2013).

3.4.1.3. Atlas-based methods: Several FDG-PET based AD classification studies are based
on parcellation of PET images into different anatomical regions, utilizing pre-defined
structural atlases. Pagani et al. used the average regional intensity and inter-hemispheric
symmetry between the parcellated regions as features for SVM-based classification (Pagani
et al., 2015). Similarly, Gray et al. used the average regional intensities of baseline and 12-
months follow-up scans, and the difference of intensity between these two time-points as
features for SVM-based classification (Gray et al., 2012). Accuracy increased by a factor of
1-2% when using both the longitudinal and cross-sectional features in this study.

3.4.1.4. Projection-based methods: Projection-based methods reduce the dimensionality of
features by projecting the higher-dimensional feature space into a lower-dimensional space,
where the significance of each feature, with respect to the problem at hand, can be measured
in terms of its variance. Thus, a subset of features with relatively larger variance may be
selected for further inspection. In this context, Padilla et al. applied non-negative matrix
factorization projections to input images (Padilla et al., 2012). They then selected several
subsets of these projections, and classified those using SVM. Ultimately, the classification
results obtained from several projections were combined to obtain a final prediction. The
authors showed that this method achieved a 17% improvement in classification accuracy as
compared to a VAF-based method for the same dataset.

Neuroimage. Author manuscript; available in PMC 2018 July 15.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Rathore et al.

Page 14

3.4.2. Amyloid-PET—/n vivo measurements of the cerebral am loid burden (B-amyloid)
may be clinically useful in the management of patients with cognitive impairment who are
being evaluated for possible AD. Several radioligands are used for measuring amyloid
burden, such as the 11C-Pittsburgh Compound B (}1C-PIB), and 18F-labelled amyloid-PET
tracers, including florbetapir, flutemetamol, and florbetaben. Some group analysis-based
studies have revealed differences in amyloid burden in various brain regions in different
subject groups; higher amyloid burden has been found in MCI (Klunk et al., 2004) and AD
subjects (Camus et al., 2012) than in healthy individuals, and in subjects with pMCI than in
those with SMCI (Koivunen et al., 2011; Okello et al., 2009). However, very little attention
has been paid to quantification of plague levels in different brain regions and its use in AD
classification. Vandenberghe et al. proposed one such classification framework in which they
used the intensity values of all the voxels of 18F-flutemetamol PET scans as features for
SVM-based classification of AD versus healthy individuals, and pMCI versus sSMCI subjects
(Vandenberghe et al., 2013).

3.5. Multimodal studies

Several biomarkers have shown association with AD, including proteins measured in the
CSF (Melah et al., 2016), brain atrophy, particularly in the hippocampus (Frisoni et al.,
2002) and posterior cingulate gyrus (Baron et al., 2001), measured through structural MR,
and hypometabolism, associated with AD in the temporal and parietal lobe, as well as in the
posterior cingulate cortex, measured via functional imaging (Herholz et al., 2002; Langbaum
et al., 2009). In addition, AD brains demonstrate the formation of insoluble g amyloid
plagues and neurofibrillary tangles (Jagust, 2013), and it has been suggested that the
quantity of g am loid can be related to the disease stage (Murpy, LeVine 111, 2010).

These biomarkers yield complementary information, i.e., different modalities capture
disease information from different perspectives, thereby improving understanding of the
disease pattern over that presented by one modality. Classification frameworks facilitate
exploitation of the complementary information obtained from multiple modalities. A top-
level breakdown of two classification frameworks, straightforward feature concatenation and
specialized fusion frameworks, used to exploit multimodal data for AD classification is
shown in Figure 3. The terms F;, F», ..., F-1, Fpare the feature sets extracted from Z, 2, ...,
n—1, nmodalities or other biomarkers, respectively. The symbols Cy, Cy,..., Cr-7, Cp
represent the classification algorithms trained on feature sets Z, 2, .../—1, n, respectively.
Table 7 summarizes the results and the corresponding datasets for the studies using these
frameworks.

3.5.1. Straightforward feature concatenation—The simplest method for exploiting
the complementary information provided by multiple modalities is concatenation of the
features of these modalities into a single feature vector and training a classifier on that
vector.

Structural MRI is a key component of these studies, and its features are combined with
features extracted from various other modalities to improve classification. In this context,
various authors have combined structural MRI-based features with the features calculated
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from DTI and functional MRI. In earlier studies, the regional volumetric measures,
calculated from structural MRI, and FA, calculated from WM tracts, have been combined for
SVM-based MCI and AD classification (Cui et al., 2012; Li et al., 2014a). Among recent
studies, Tang et al. used volumetric, shape, and diffusion features of the hippocampus and
amygdala for AD classification (Tang et al., 2016). They used PCA and tudent’s t-test for
reducing the feature set, and LDA and SVM for classification. Similarly, Schouten et al.
combined regional volumetric measures, diffusion measures, and correlation measures
amongst all brain regions calculated from functional MRI (Schouten et al., 2016). They
employed logistic elastic net (Zou, Hastie, 2005) for classification.

The combination of structural MRI with demographics, cognitive tests, and genetic data has
also been explored in a few studies. For instance, Vemuri et al. combined GM, WM, and
CSF density maps with age, gender, and APOE genotype for SVM-based AD classification
(Vemuri et al., 2008). Zhang et al. used GM density maps, intracranial volume, atlas-scaling
factor, normalized whole brain volume, and age as features for AD and MCI classification
(Zhang et al., 2014). The feature set was classified by using a kernel SVM decision-tree (a
variant of the SVM decision-tree). Recently, Moradi et al. used GM density maps, age, and
cognitive tests as features, and employed classification algorithms such as low-density
separation and random forest for AD conversion prediction (Moradi et al., 2015).

The combination of structural MRI features with PET and CSF biomarkers is another
dimension. In earlier studies, Fan et al. combined regional volumetric measures, and
regional cerebral blood flow for MCI classification using SVM (Fan et al., 2008b). In
addition to this, the SPARE-AD index (Davatzikos et al., 2009) was combined with CSF
biomarkers (Davatzikos et al., 2011) to predict conversion from MCI to AD using SVM.
Further, Dukart et al. first used FDG-PET and GM density values of all the voxels of
selected ROIs (Dukart et al., 2011a) and later the average of all the voxels of selected ROIs
for SVM-based AD classification (Dukart et al., 2013). In recent studies, Zhu et al.
combined regional GM volume, regional average PET intensity, and CSF biomarkers as
features, and proposed a matrix-similarity-based loss function for better classification using
SVM (Zhu et al., 2014). Similarly, Zheng et al. used regional thickness measures, regional
correlative measures (calculated from thickness measures) and APOE genotype for SVM-
based AD classification, and AD prediction conversion (Zheng et al., 2015). Apostolova et
al. used hippocampal volume and CSF biomarkers for SVM-based AD and MCI
classification (Apostolova et al., 2014).

The combination of structural MRI, PET, and CSF biomarkers together with genetic data
and neuropsychological status exam scores has also been common. For example, SPARE-
AD was combined with cognitive scores, APOE genotype, and CSF biomarkers (Da et al.,
2014) to predict conversion from MCI to AD. Similarly, Kohannim et al. combined
hippocampal, ventricular, and temporal lobe volumes, FDG-PET numeric summary, CSF
biomarkers, APOE genotype, age, sex, and body mass index for SVM-based AD and MCI
classification (Kohannim et al., 2010). In addition, Cui et al. combined average regional
cortical thickness, standard deviation of thickness, average regional surface area and cortical
volume from structural MRI with CSF biomarkers and neuropsychological status exam

Neuroimage. Author manuscript; available in PMC 2018 July 15.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Rathore et al.

Page 16

scores (Cui et al., 2011). Features were reduced using mRMR, and SVM was used for
classification.

3.5.2. Specialized fusion strategies—While the simplicity of straightforward
concatenation may be considered desirable, the method suffers from a major pitfall: because
it treats all features as equivalent, it provides no way to account for the different natures of
features extracted from different modalities (Hinrichs et al., 2011; Liu et al., 2014). For
instance, where one modality has many more features than another (or has variation on a
much larger scale), classification algorithms trained on concatenated features may produce
prediction models that effectively ignore the other modalities. Specialized fusion strategies
can be used to ensure that the complementary information found across all modalities is still
used. These strategies may either combine the results of classification rules trained on the
individual modalities (Dai et al., 2012) or use special combination rules to combine features
before training (Dyrba et al., 2015b; Zhang, Shen, 2012; Zhang et al., 2011).

These strategies were employed to utilize the complementary information of features
extracted from structural MRI, rs-fMRI, and DTI for AD classification. Dai et al. used
regional GM volumetric measures, and functional measures (amplitude of low-frequenc
fluctuations, regional homogeneit, and regional functional connectivity strength) as features
(Dai et al., 2012). They trained separate maximum uncertainty LDA classifiers on the
structural and functional measures, and combined the output of the classifiers via weighted
voting. Recently, Dyrba et al. used regional GM volumetric measures, average tract intensity
for FA, MD, and mode of anisotropy, and network measures of weighted local clustering
coefficient and the shortest weighted path-length calculated from rs-fMRI as features (Dyrba
et al., 2015b). They adopted multi-kernel SVM for AD classification.

In addition, the features extracted from structural MRI and PET images, as well as CSF
biomarkers were also fused using these strategies. In this context, regional GM volume,
regional average FDG-PET intensity, and CSF biomarkers were used as features for AD and
MCI classification along with multi-kernel learning (Zhang, Shen, 2012; Zhang et al., 2011)
and multi-task learning (Yu et al., 2016). The same features were also used for prediction of
conversion from MCI to AD by using domain transfer learning (Cheng et al., 2015b) and
semi-supervised multimodal manifold-regularized transfer learning (Cheng et al., 2015a).
Recently, Liu et al. used CSF biomarkers, and shape measures of hippocampus and GM
volume in atlas-defined ROIs for AD classification using multi-kernel SVM (Liu et al.,
2014). Xu et al. proposed using the GM volume, regional average intensity from FDG-PET
and Florbetapir images as features (Xu et al., 2015). They assigned different weights to the
features of different modalities for classification of AD versus MCI subjects, and pMCI
versus SMCI subjects using a sparse representation-based classification method. Zu et al.
used regional GM volume, and the regional average FDG-PET intensity for AD and MCI
classification, and used multi-kernel SVM for classification (Zu et al., 2015).

Furthermore, these strategies were also used to exploit the features of structural MRI, PET,
and CSF biomarkers together with genetic data and neuropsychological status exam scores.
In earlier studies, Hinrichs et al. used structural MRI-based density maps, FDG-PET
intensities, CSF biomarkers, APOE genotype, and neuropsychological status exam scores as
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features for multi-kernel SVM-based AD classification, and AD conversion prediction
(Hinrichs et al., 2011). Young et al. used regional GM volume, regional average FDG-PET
intensity, and CSF biomarkers along with APOE genotype, and employed Gaussian process
classifier to train multiple kernels on AD and CN subjects, and test on pMCI and sMCI
subjects (Young et al., 2013). Also, Gray et al. trained random forest classifiers on regional
GM volumetric measures, CSF biomarkers, voxel-based FDG-PET intensities, and APOE
genotype for AD and MCI classification (Gray et al., 2013). Casanova et al. combined
SPARE-AD index with GM, WM and CSF density maps, total hippocampal volume,
regional volumetric and cortical thickness measures, and cognitive scores for AD
classification and prediction of conversion from MCI to AD using large-scale RLR
(Casanova et al., 2013). In recent studies, Korolev et al. used cortical and subcortical
volumes, mean cortical thickness, surface area, and curvature from structural MRI, clinical
measures and plasma measures for AD conversion prediction. They used mutual information
criterion for feature selection and probabilistic multi-kernel learning for classification
(Korolev et al., 2016). Similarly, Clark et al. used cognitive scores, cortical thickness
measures, hippocampal and ventricular volume along with age, sex, and education. They
selected features using random forest, and used an ensemble of random forests of
conditional trees, SVM, naive Bayes, and multilayer perceptrons for classification. (Clark et
al., 2016).

Overall, the multimodal techniques under this category have demonstrated varied
improvement over single modalities, ranging from 1 to 7%. Almost all the methods
demonstrated some improvement (Dyrba et al., 2015b), however, no improvement was
observed using multimodality data as compared to DTI measures alone.

4. Discussion

Recent advances in neuroimaging research suggest that AD pathology can be detected
preclinically (Perrin et al., 2009). Consequently, an important body of research has been
devoted to the neuroimaging-based AD/MCI classification and AD conversion prediction
using various neuroimaging modalities, such as structural MRI, functional MRI, DTI, and
PET. In this review, we presented only those studies that used appropriate cross-validation
strategies to assess the performance of their classification frameworks. Among the various
neuroimaging modalities, structural MRI was the most frequently used, likely due to its
widespread availability. The second most common method was the combination of features
from one or more modalities with data levels such as genetic data, cognitive scores, and CSF
biomarkers. Research based on features extracted from FDG-PET, amyloid-PET, DTI, and
functional MRI were less common. The main objective in most of the studies reviewed here
was the production and selection of AD-related inherent features from high-dimensional raw
neuroimaging data. Therefore, we grouped the classification studies appertaining to each
modality according to feature extraction methods. Brain atrophy was most often quantified
via tissue density maps (Casanova et al., 2011; Kloppel et al., 2008), cortical/subcortical
thickness measurements (Desikan et al., 2009; Wee et al., 2013), and geometric measures of
hippocampus (Costafreda et al., 2011; Gerardin et al., 2009) from structural MRI.
Connectivity networks developed on top of the functional strength (Chen et al., 2011; Koch
et al., 2012) and diffusion measures (Prasad et al., 2015; Wee et al., 2011) of parcellated
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brain regions were the most common feature extraction methods in functional MRI and DTI,
respectively. Similarly, the cerebral glucose metabolic rate measured in parcellated brain
regions was common in FDG-PET (Gray et al., 2012; Pagani et al., 2015). These automated
feature extraction methods generate a high-dimensional data for further analysis. A wide
variety of sophisticated and well-established supervised classification algorithms such as
SVM and LDA have been applied on extracted neuroimaging features for AD/MCI
classification or AD prediction conversion in different studies.

The main advantage of applying classification algorithms on neuroimaging data is the
potential use for detecting AD at the prodromal stages, well even before clinical
manifestation (Misra et al., 2009; Park et al., 2013), demonstrating the probable use in
routine clinical settings in the future. Among the wide range of classification algorithms,
SVM was the most frequent for AD classification (Apostolova et al., 2014; Cui et al., 2012;
Kohannim et al., 2010; Padilla et al., 2012). Multi-kernel learning, which are an extension of
ordinary kernel-based classification algorithms, were also increasingly used in AD
classification (Dyrba et al., 2015b; Liu et al., 2014; Zu et al., 2015). Other less common
classification algorithms used in AD research were LDA (Lillemark et al., 2014; Tang et al.,
2015), orthogonal partial least square regression (Westman et al., 2011), random forest
(Moradi et al., 2015), regularization-based methods (Casanova et al., 2011), voting-based
ensemble methods (Liu et al., 2015), kernel SVM decision-tree (Zhang et al., 2014), and
LPBM (Hinrichs et al., 2009). While SVM could have the advantage of achieving high
classification accuracy with small training sample size compared to other classification
algorithms such as neural networks (Shao, Lunetta, 2012), they might have the disadvantage
of the need for parameter tuning (Chapelle et al., 2002). For neuroimaging AD classification
it remains important to conduct studies comparing between diverse classification algorithms
thoroughly, as only limited number of studies have been conducted so far (Khondoker et al.,
2016; Lehmann et al., 2007).

The feature extraction methods summarized here are influenced by several factors that vary
across studies. One factor is spatial smoothing of structural MRI and FDG-PET, which is
generally performed to account for noise (i.e. registration errors). Usually, Gaussian
smoothing of full-width half-max is used for denoising. It is important to note that too small
kernel size might lead to missing the many regions that might present group differences.
Conversely, too large kernel may blur image features in regions that display group
differences from the rest of the regions. An optimal solution has yet to be achieved as the
kernel size is chosen either ad hoc or empirically. A majority of the reviewed studies used a
Gaussian kernel of 8 mm for both structural MRI (Misra et al., 2009; Moradi et al., 2015)
and FDG-PET (Gray et al., 2013; Pagani et al., 2015; Zhang et al., 2011; Zhu et al., 2014).
However, kernels of other sizes, such as 10 mm for structural MRI (Dai et al., 2012; Plant et
al., 2010) and 15 mm for FDG-PET (Fan et al., 2008b), were rarely used. An additional
factor that influences the atlas-based methods is the selection of the atlas itself. Atlas-based
parcellation using a pre-defined anatomical brain atlas is a methodologically simple and
computationally tractable feature extraction method, with general versatility (Ota et al.,
2015; Zhang et al., 2011). However, the choice of atlas will have an effect on classification
performance. It has been shown that features extracted based on different anatomical
parcellations lead to differences in classification performance under similar experimental
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conditions (Ota et al., 2014, 2015). These differences in classification performances may be
associated with changes in parcellation between atlases, for example, the cerebellum region.
The LONI probabilistic brain atlas considers the cerebellum as one single region, whereas
the AAL atlas finely parcellates the cerebellum into 26 smaller regions.

In addition to feature extraction and classification, feature selection is also important for
identifying distinguishing features. Selection of appropriate features not only removes the
non-informative signal, but also reduces the computational time involved in classification.
Two widely adopted methods for feature selection are biologically informed and automated
feature selection. The former relies on prior biological knowledge about the discriminating
ability of certain regions, generally obtained from existing literature, whereas the latter
selects features based on general data characteristics, without prior knowledge. Among the
automated methods, various ranking-based methods, such as t-tests (Tang et al., 2016; Wee
et al., 2013) and earson’s correlation coefficient test (Davatzikos et al., 2008; Wee et al.,
2011), wrapper-based methods, a combination of ranking and wrapper-based methods, such
as MRMR (Wee et al., 2013), and embedded methods, such as elastic net regression, were
used in the reviewed studies, and improved the classification performance. It is feasible that
variations in feature-selection methods will lead to differences in AD classification
performance. It has been suggested that automated feature selection will not improve
classification accuracy as compared to biologically informed feature selection, driven by
prior biological knowledge of regions typically affected by AD, such as the hippocampus,
amygdala, thalamus, and caudate (Chu et al., 2012). Similar results were observed in the
Pittsburgh Brain Activity Interpretation Competition, wherein the team applying prior
biological knowledge for feature selection (Chu et al., 2011) outperformed the teams using
automated feature selection. In addition, the winning method (Sgrensen et al., 2014) in the
recent CADDementia 2015 challenge (Bron et al., 2015) was also based on biologically
informed feature selection.

4.1. AD classification studies comparison

The key components of each classification study, such as prediction accuracy, study
population, and feature types were summarized in table format in this review. It should be
emphasized that these tables are meant to provide a glance to each individual study and not
for comparative purposes. Frequently throughout reviewing these studies, authors stated that
their proposed classification framework was superior to existing ones solely on the basis of
the achieved accuracy. However, we believe that considering the number of factors involved
in each study, summarized below, it is difficult to compare these studies directly and
therefore to draw general conclusions about the state of the field as a whole.

Length of follow-up period—The length of the follow-up period for defining MCI
conversion also varied from a minimum of 6 months to a maximum of 36 months across
different studies. It is well-known that the level of neurodegeneration, and hence, the rate of
AD prediction increases as the MCI subjects progress on a continuum from the CN state to
the AD state (Cabral et al., 2015; Eskildsen et al., 2013). Therefore, we believe that the
prediction performance of various studies cannot be compared directly, considering the
different lengths of the follow-up periods.

Neuroimage. Author manuscript; available in PMC 2018 July 15.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Rathore et al.

Page 20

Study population—Baseline characteristics of the study population, such as gender, age,
genotype (APOE), and education are considered to be confounding factors in AD
classification. These factors may have a profound effect on key features extracted from the
neuroimaging modalities and therefore on the resultant classification accuracies. AD
classification studies in general differ in how they deal with the confounding factors, i.e., the
number of confounding factors that need to be considered, and how they are considered, etc.
In the past, confounding factors have mainly been dealt with by matching the subjects in
different groups according to the factors or by using confounding factors as covariates in a
statistical model, in order to remove their effect from the model. However, increasing
attention has been given to this issue in recent years, and several automated methods have
now been proposed to control for the effects of confounding factors (Dukart et al., 2011b; Li
etal., 2011).

Degree of impairment—An objective, final diagnosis of AD can only be made through
autopsy and therefore is rarely used (Kloppel et al., 2008). Even then, the disease stage at
autopsy can be very different from the disease stage determined by scanning. Alternatively,
clinical diagnostic criteria for AD (McKhann et al., 2011) and MCI (Petersen, 2004) are
used in practice as a reference standard for evaluation. The MCI diagnosis based on these
criteria leads to a clinically heterogeneous mix of more and less impaired patients, where
each patient presents a disease stage on a continuum from CN to AD (Misra et al., 2009). A
more severely impaired MCI group, when MCI is used as one diagnostic entity, may show
larger structural differences from healthy individuals, leading to potentially higher
classification accuracies.

Evaluation metrics—Classification performance in some of the studies reviewed here
was only reported in terms of classification accuracy. The measure of classification accuracy
by itself could be uninformative in unbalanced datasets and cannot be used for comparison.
For instance, a 90% classification accuracy in a dataset of 90 diseased and 10 healthy
individuals does not convey any information, since a biased classification algorithm that
classifies all the subjects as diseased can also lead to a 90% classification accuracy.
Therefore, we believe that balanced accuracy; sensitivity/specificity or precision/recall,
along with the area under a receiver-operating-characteristic curve should be reported for
direct comparison of results.

Factors affecting the performance of classification algorithms—The expected
performance of a classification algorithm is defined by two factors. The first is the number
of subjects in the training set and the second is the relative proportion of subjects from each
class present in the test set. Mostly the first factor is determined by the sample size available
for training, and by the cross-validation strategy used in the experiment. The larger the
number of subjects in the training set, the better the generalizability of the classification
algorithm. The second factor could affect the classification accuracy as depending on class
relative proportion, the sensitivity and specificity of a classification algorithm could differ.
This factor can be easier to fix, as stratification is becoming increasingly common, and
subjects of different classes are selected based on matched demographic characteristics.
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The choice of the split-in-train-test or k-fold cross-validation strategies, adopted in the
classification framework, influences the statistical significance of the classification accuracy
(Mendelson et al., 2014), which can be calculated via binomial or permutation tests
(Noirhomme et al., 2014). The split-in-train-test assumes independence between the training
and test sets, which is the key to binomial tests. However, the split-in-train-test can generally
be limited in some medical applications where classification algorithms are trained on small
number of subjects. Consequently, k-fold cross-validation is more commonly applied. K-
fold cross-validation does not hold the independence assumption, as the training subjects in
different iterations could overlap; therefore, permutation tests are feasible for evaluating the
statistical significance of k-fold cross-validation strategies (Noirhomme et al., 2014). It has
been suggested that 10-fold or 5-fold cross-validation should be used to establish a trade-off
between bias and variance (Lemm et al., 2011). Furthermore, it has been suggested that
permutation tests should be used along with cross-validation, especially when dealing with a
small sample size (Noirhomme et al., 2014).

4.2. Challenges with AD classification studies

Generalization ability—A critical challenge underlying the clinical use of AD
classification frameworks is the ability of predictive models that allow good generalization
to new patient data. Ideally, the models should be able to perform well regardless of the
variability of imaging protocols, scanners (Abdulkadir et al., 2011) and demographics, and
should be free of double-dipping, a phenomenon very common in older studies. The term
double-dipping, or circular analysis, refers to the use of test subjects in any part of the
training process, such as selection of features and training of classification algorithm, and
may lead to over-fitted classification (Kriegeskorte et al., 2009). To conduct a fair validation,
one should avoid double-dipping by excluding the test subjects used in the subsequent
validation of the classification algorithms from the process of feature selection and training
of the classification algorithm. Double-dipping was quite common in feature selection in
older studies (Querbes et al., 2009; Wolz et al., 2011); however, it has become less common
as its effects became clearer. In order to encourage the development of classification
frameworks that are generalizable to new datasets, the neuroimaging community has
organized more AD classification challenges, in which different researchers attempt to solve
the classification problem by leveraging the current state-of-the-art techniques on publicly
available datasets.

For example, the purpose of CADDementia 2015 challenge (Bron et al., 2015) was to
measure the generalizability of structural MRI-based classification studies on unseen
subjects, where the best performing study yielded an area under the receiver-operating-
characteristic curve of 78.8%. Similarly, the main aim of the DREAM 2016 challenge (Allen
et al., 2016) was to identify accurate biomarkers of cognitive decline for advancing early
diagnosis. These challenges not only help to determine the generalizability of any study, but
also enable fair performance comparison of different studies on the same dataset, which
would otherwise not be possible due to different experimental conditions across distinct
studies. Furthermore, efforts have been made to standardize comparison of various studies
on the same dataset, such as in the study of Cuingnet et al., in which the authors evaluated
the performances of 10 studies using the ADNI dataset (Cuingnet et al., 2011).
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Sample size—It is generally believed that smaller datasets do not capture the full spectrum
of heterogeneity among different classes and therefore, may be less generalizable on unseen
patient data, whereas opposite is true for larger datasets. Nonetheless, quite different results
were seen in CADDementia 2015 challenge (Bron et al., 2015), where the studies training
classification algorithms on larger training sets (Abdulkadir et al., 2014; Eskildsen et al.,
2014) did not perform better than the studies training classification algorithms on relatively
smaller datasets. Therefore, the minimum sample size required for training a generalizable
classification model remains debatable.

Reproducibility—Disregard of the appropriate packaging of classification frameworks,
where numerical solutions could lead to different experimentation conditions, and the use of
local datasets or a subset of a larger public dataset without providing detailed subject level
identification, are the main factors hindering the reproducibility of existing results and
comparison between study findings. We highly encourage reporting the results derived from
public datasets, and appropriate listing of the subjects, as had been done in a few studies
(Moradi et al., 2015; Zhang et al., 2011). We also recommend that authors attend to the
proper packaging and availability of their code, particularly in cases where sophisticated
feature extraction and classification algorithms have been used, as this can markedly
improve reproducibility.

AD heterogeneity—The heterogeneity of AD necessitates a definition of distinct
clinicopathological subtypes of AD. While AD has been stereotypically defined using the
Braak stages, atypical AD cases do not fit into this scheme. For example, a recent study has
shown that hippocampal sparing and limbic-predominant AD subtypes might account for
about 25% of AD cases (Murray et al., 2011). Simplistic measures, such as the ratio of
hippocampal to cortical volumes, showed a high discrimination ability between the subtypes
(Whitwell et al., 2012). Other studies used clustering-based approaches for defining the AD
pattern; a recent study made use of cortical thickness clustering and showed that AD in the
earlier stages can be categorized into various anatomical subtypes, with distinct clinical
features (Noh et al., 2014). By including additional biomarkers, such as cerebrospinal fluid
and serum biomarkers, four clusters emerged with distinct biomarker patterns, the first of
which was biologically similar to healthy individuals and which rarely converted to AD
(Nettiksimmons et al., 2014). We believe that the heterogeneity of AD patterns has been
widely ignored in the existing AD classification studies, and more attention should be paid
to this line of research in future. The development of tools that can deal with heterogeneous
imaging patterns is important and should become an area of focus (Dong et al., 2016a; Dong
et al., 2016b; Varol et al., 2017). It is likely that systematic quantification of heterogeneity is
critical for developing effective personalized diagnostic and predictive tools using machine
learning.

4.3. Conclusion and future directions

Neuroimaging-based classification of AD and MCI has increasingly been reported in the
literature over the past decade, as a means to derive individual biomarkers of these
conditions. The ultimate goal of AD classification is to generate an individual diagnosis
using a single MRI scan by applying classification models already trained on a large pool of
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diseased and healthy individuals, and to predict future progression at earlier disease stages.
Several neuroimaging modalities, as discussed in this review, including structural and
functional MRI, DTI, FDG-PET, and amyloid-PET, have shown characteristic alterations in
the brains of AD and MCI patients that can help rule-in the pathophysiological process of
AD. No single neuroimaging modality can be sufficient, as each has complementary merits
and limitations. Combining information from multiple modalities has improved the
classification performance of AD/MCI and AD conversion prediction. In addition, the
combination of features extracted from neuroimaging modalities with demographics,
cognitive test scores, CSF biomarkers, and genetic data were also effective in achieving
accurate classification. However, there is a great need for validation of these markers in
clinical settings, along with their validation in databases comprising highly preselected
subjects, which significantly differ from that seen in the clinic. Some challenges faced by the
researchers in the field of AD classification, such as high dimensions of raw neuroimaging
data, smaller sample sizes, generalizability, and heterogeneity in AD, make it difficult to
derive a more precise classification. However, the use of neuroimaging for AD classification
remains highly promising, as many of the aforementioned challenges can be addressed.

The potential consideration of classification frameworks in clinical practice has largely
driven the development of machine-learning tools that can integrate several imaging features
and make predictions on an individual basis. This line of research is likely to become a
focus-point in the upcoming decade. In addition, multimodal approaches that seek to find
patterns of neurodegeneration across different types of images that form distinctive imaging
signatures of the stages of AD, and consensus-based approaches, which tend to improve
classification by combining the output of multiple classification algorithms, are also gaining
increasing attention. Biologically informed feature selection, and characterization of
heterogeneity of AD are also important lines of research that are likely to be emphasized in
future studies.
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Abbreviations (Acronym Abbreviation)

AAL Automated anatomical labeling

AD Alzheimer’s disease

ADNI Alzheimer’s disease neuroimage initiative

AUC Area under a receiver-operating-characteristic curve
CN Cognitively normal
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CSF
DMAF
DMN
DTI
FDG-PET
fMRI
GM
LDA
LPBM
LR

MCI
MRI
mMRMR
OASIS
pMCI
RAVENS
ROI
RLR
RVM
rs-fMRI
sMCI

sSMRI

Cerebrospinal fluid

Density maps as features

Default mode network

Diffusion tensor imaging

Fluorodeoxyglucose positron emission tomography
Functional magnetic resonance imaging

Gray matter

Linear discriminant analysis

Linear program boosting method

Logistic regression

Mild cognitive impairment

Magnetic resonance imaging
Minimum-redundancy and maximum-relevance
Open access series of imaging initiatives
Progressive mild cognitive impairment

Regional analysis of volumes examined in normalized space
Region of interest

Regularized logistic regression

Relevance vector machines

Resting state functional magnetic resonance imaging
Stable mild cognitive impairment

Structural magnetic resonance imaging

Page 24

SPARE-AD Spatial pattern of abnormality for recognition of early Alzheimer’s disease

SVM

Support vector machines

SVM-RFE Support vector machines-recursive feature elimination

VAF

VBM

WM

Voxels as features
\Voxel based morphometry

White matter
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Figure 1.
A top-level layout of neuroimaging-based classification framework for AD classification
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Figure 2.
A top-level breakdown of structural MRI-based classification studies for AD classification
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Figure 3.

A top-level breakdown of multimodality-based classification studies for AD classification

Neuroimage. Author manuscript; available in PMC 2018 July 15.




Page 40

Rathore et al.

uopuo abajj0D AlSIsAIUN “181Usd YoJeasal enuawad = 1ONDHA

VSN “e10S3ULIAl “181S8U00Y = INY

(£00z “[e 18 UeyD) anieniul Buibew! Jo sauas $s822e uad = SISYO

sonsnels sekeg = sg

sfeAsaiul ainyeay BUNOA = [4A

uonezie|nbal apeas abie] = YS

104 anndepe 18s-(31dmNINNBIBUIS = 104-(N)S

uo1onpal ainyesy pesiaiednsun/pasiaiedng = ¥4NS

88'8. - 1626 INaV INAS I04-W 82T  LIT LTT — 16 (5102 1233 NI7Y)
Tr'eL — v9'16 INaV INAS I04-W 82T  LTT LTT — 16 (¥70Z “[e 38 UIN)
0518 — — INQVY INAS I04Ss 99 9. L2 — 95 (6002 "2 32 BISIIN)
— 0006 — vsg INAS I0¥-s s — — ST — (800 “[e 318 sodIzieneq)
— — 0€'v6 INaV NAS 104-s 99  — — 88 95 (88002 “[e 18 UeS)
— — 0576 [eusaul INAS sepy e — — - 91 (600Z “[e 30 UIUBEN)
— — 59'68 INaV INAS ¥4ns  oeT — — — 0eT  (STOZ ‘;PNwaq ‘nysaysg)
00'99 r00eL o009z INQV NAS ¥4ns 29T vET 9. —  L€T (§T0Z “1e 19 a101eA[ES)
0089 — 0006 INQV VATNASYTY d4NS €T €6 L6 — 98 (€T0Z “lB 38 NINY)
— — 0088 JWNIOV+ONNADY INAS Jvwa v o — — — 18 (9702 “12 32 43]10IN)
00'5L — 0026 NIAdD I4A'SE'INAS 4vNQ 8T ST 6 — oz (0T0Z “12 18 JUe|d)
0029 — — INQV INAS JYNQ €T 19 ot — 80T  (ET0T “Ie 18 Pismazsepy)
— — 00°€8 SISVO NAS ANAY Jvna ey — — — 67  (2T0z "ByRIO ‘uouswial)
— — 0028 INQVY Ngd1 dvNa 6 @ — — — 68 (6002 “[e 32 SYoMUIH)
— — 0,68 INQV ds Jvna ey — — — 67 (TT0Z “[e 38 BAOUESED)
— — 01’18 WY INAS Jvwa /S — — — g€ (8002 “[e 38 13ddoy>)
— — 06'26 70N2¥a NAS 4vywa 1 — — — ¥ (8002 "2 32 Jaddoy)
— — 00'56 Ny INAS dvina oe — — — 0z (8002 "¢ 18 |addory)
IODNG/IDINS  NO/IDN NO/AQV NO 1DAS 1OAND  1DA AV

aseqgeleq wyyaoBe uoireayisse|y  adAL Apms

AoeINnooe UOIBILISSe|)

BREICTIS

Author Manuscript

SYJ0MBLLIRLJ UOITRIILISSE|O QY Paseq-deu AlIsuap JO UOIepIeA syl J0) pasn slaselep ay) Jo uondiiassp Jaliq v

T alqeL

Author Manuscript

Author Manuscript

Author Manuscript

Neuroimage. Author manuscript; available in PMC 2018 July 15.



Page 41

Rathore et al.

“JUBA3J8.141 SI 10 Ssioyine ayl Aq papiAoid 10U Sem uolrewIosul sueaw (=) Anua uelq ‘sajqel ayl |fe uj

J=
NO/ION T

18180 [eaIpaW AJISIBAIUN SNWISEIT 8] JO J8IUBD JaWIdyz)Y = DINNIDY
19180 [eaIPaW ANSIBAIUN NA BY) JO JBIUSD JBWIBYZIY = DINNADY

yauni Jo ‘Alsianiun uerjiwixey Bimpn ayi ye AgeiyaAsd Jo a1uld = NINIAD

Author Manuscript Author Manuscript Author Manuscript Author Manuscript

Neuroimage. Author manuscript; available in PMC 2018 July 15.



Page 42

Rathore et al.

's1938[gns 1DNd 1surebe sisayuated Ul UMOYS aJe SYIUOW 40 SIqUINN “[DIA 01 [DIAIS WOJ) UOISISAUOD JO awil 418y} 0} Bulpiodde papiAlp ‘s)oalgns
12N 40 S18S JUBJBYIP PUB [DIAIS US8MIaq UOITRIIISSE]D 3Y) MOYS SaLijus Bulurewas sy 's|DNd pue s|ONS 8yl |je Buisn Ag Aoeinaoe uo1eolyIsse|d syl smoys (ST0Z '[e 19 uasp|iys3) 10} Anua 1siy ay L

"ONV sMoys
.

AV 0} [DIA WOy UOISIBAUOD JO UonDIpaid =

]1ZeJ ‘ojne oe ‘OfNne OB JO JISIBAIU ‘11BIY0 S JO Juswiiedsd g

eulyD ‘Butlieg ‘fendsoH N uenx = HMX

3SIM-XaLIaA PaINPaY = AY

— «07'8L «099.  «0./8 INQY val sepy 0T — — ove  ¥IT  ($T0Z “[e 30 rews|ii)
S0'GL GL€8 v2'6L GE'T6 INQVY INAS [8UI-BINN-~ Sepy 002 TTT 68 — 86T (€T0Z “[e 38 98MW)
06'08 — — — INQY val sepy  — ¥ (@0)zet —  —  (€70T "2 18 UsspIpIST)
05'7L — — — INQY val sepy  —  ve€T (@D8T  —  — (€702 “[e 18 UsSpIpIST)
00°€L — — — INQV val sepy —  weT (w2)19 —  — (€702 “[e 18 uasp|pisT)
0g'LL — — — INaV vail sepy - ver  (9e)6z —  —  (ET0T “[e 18 UBSPIDIST)
0T'TL — — 0,98 INQY val sepy 92z vET ove — 6T  (ET0Z 1219 ussp|s3)

— — — 0288  dSndd WAS seny 0z — — — (0TOZ “*[e 10 BAIBAIIO)

— — — 0068 INQY val sepy 66T — — ST ¥8  (600Z “Ie e Aon3oN)

— 0056 — 00'S6 INQY 41 sewwy ve — — LS 59 (600Z “Ie38 uBMISEQ)

— 00°06 r0o€s — INQV WAS A 08— z g — (€T0Z "[e 19 4red)

— 00'98 0006 0006 SISVO WAS Ad 05  — — TAN 7/ (2102 “"[e 19 >ied)
12T — — €£'88 INQV val Ad 09T TeT 2] — 8z (zT0Z "B 32 0UD)

— 0008 — — HMX WAS d4VA 92— — e — (avToz 1B 1)

IDWNG/IDNS  NO/IDIN  IDN/AY  ND/aQV NO IOAS  1IDAD  ION @V
aseqele@  wynaobje uoneoyisse|y  adAL Apms
Adoeandde uonealisse|d s109lgns

Author Manuscript

SYJOMBLLIRLJ UOITRDILISSRIO QY Paseq-SSauMIy) [2211I0D JO UOIRPI[eA 8U) J0) Pasn slaselep ay) Jo uondiiossp Jaliq v

¢ dlqeL

Author Manuscript

Author Manuscript

Author Manuscript

Author manuscript; available in PMC 2018 July 15.

rofmage.

Neu,



Page 43

Rathore et al.

DNV SMoys
”

ND SnsiaA [DIND =

"90uRIH ‘Uge) ‘Uge) a@ AlISISAIUN J31UBd [eNdsoH = DANDH

“LINOSSIIAl 'SIN0T 1S ‘BUIDIP3IA JO [00Y9S ANSIaAIUN UOIBUIYSEAN ‘181USD U21Basal aseasIp JaWIdyzy = 0¥AY

suoibal payds)as Ajjeaibojolg = 4Sg

LUyl — — INOV van dsg 01z /8 GeT — 81 (5102 "0 38 BuEl)
£ 007, £10026 0026 INV NAS use 68T 99T 98T  —  wvT  (TT0Z “[e39 uLesulyD)
£0CVL LOV9L  0CT6 INaV INAS sndueooddiH 69T  O¥T €  e€ez T0T (9102 “[° 18 UssuaIOS)

0008 — — PaNOINaNPPY WAS  sndweooddiH g8 8 44 — 1L (TT0Z “Ie 12 BPaLRISOD)

— — 0£'88 INaV INAS pabifeg  sndwedoddiH 86T — — — 66 (210Z “1e 30 UBYS)
— 00°€8 0076 OdNOH INAS  sndwedoddiH  G¢ — — A 74 (6002 “'[e 30 UIPIRIZD)
— — 0676 [eusaul WAS sndwesoddiH 0z — — — 61 (200z “1e 32 17)
— — 0T'18 odav Y71 sndweooddiH 92 — — — g (92002 "€ 12 Buem)
IDANJ/IDNS  NO/IDIW  NO/AVY NO 10AS 1DAd  1DN av
aseqgele@  wyuaobie uoneolisse|d adAL Apms
Aoeandde uonealisse|d s109lgns

Author Manuscript

SYJ0MBLLIRIJ UOIRDILISSEIO QY Paseq-suolBal pauljap-aid Jo LOIRPIfeA 8y J0) pasn slaselep ay) Jo uondiiassp Jaliq v

€ 9lqeL

Author Manuscript

Author Manuscript

Author Manuscript

Neuroimage. Author manuscript; available in PMC 2018 July 15.



Page 44

Rathore et al.

(NO+1oW)/av =
VSN ‘euljosed YLoN ‘ANsiaAiun axnqg ‘18uad sisAfeue pue Buibewi ureig = Qvig
UISUOISIAN 40 368]10D [eIIPBIA “01UI[D SIaplosip Alows = DA

uoissaifial onsiBo| sseo0id-uelssnes) = Y1-do

— — 00'00T INQVY WAS sanseswydetls 0z  — 02  (STOC “[e)e dsezeyy)
06'16 — ovig INAS [BUWIX-BINA sainsesw ydes Gz 4 — (¥T0z “1e 18 3Ir)
00 °L6 00'SL — leussul d71-d9 Annposuuo)d 6¢ 0S L2 (STOZ “[2 39 SNIBYD)
00’76 r00e8 JdiN var J8ysiH Annposuuo) 0¢ ST 0z (TT0Z IR 39 UBYD)
IDN/QY  NO/IDN  NO/aVv NO ION  av
aseqele@  wyuobie uoneolisse|D adAL Apms
Aoe1ndde uonesyisse|d SREICTS

SYJ0MBLLIRIJ UOITRIILISSRIO QY Paseq [HIAl [eUOIIoUN) JO UOIBPIeA 8U) J0) pasn slaselep ay) Jo uondiiossp Jaliq v

¥ alqeL

Author Manuscript Author Manuscript Author Manuscript Author Manuscript

Neuroimage. Author manuscript; available in PMC 2018 July 15.



Page 45

Rathore et al.

SIOIN Al1e9/ND =

SIQN a1e/NO =

IO Ares = 1DIAIS ‘IOIN 818] = 1IN (STOZ “[e 19 peseld) o4

-projAwe = |QNS “+piojAwe = [DINd ‘(eSTOZ “[e 19 eqUAQ) 104

VSN ‘BuUIjoIeD YUON ‘AlISIaAlun ayng “481uad sisAeue pue Buibew ureig = Ov1g

enuawag uo Apms |1 @ ueadoing = gsal

U01103]3S [9X0A BAIRUILILINSIA = SAQ

0089 00°LL — asa3 NAS SAd 514 ge Ge —  —  (es10Z “le 18 QUAQ)

— — 00°€8 asa3 NAS SAQ T — — — /g1 (eT0Z “re¥eqihq)
0v'€9 Z0T'65'70829  ozgy INaY NAS PIINEIN 05 L 8¢ — 8¢ (STOZ “[e 1 peseid)

— 0688 — ovid NAS YI0MISN LT — — or  — (TT0Z "8 10 9a/)

— 0€'89 0908 INaV NAS AydesBoroell 0 — — T > (ST0Z "1e 39 JIN)

10Nd/1DINS NO/IDN NO/av NO IOWs [1OAd 1D av
aseqele@  wynaobie uoneolisse|D adA1L Apms
Adeandoy s109lgns

SYJ0MBLLIR1J UOIRIILISSe|D QW Paseq |1.d JO uonepijeA ay) Joj pasn s1aserep sy Jo uonduiosap Jaq v

Author Manuscript

Author Manuscript

G 9lqeL

Author Manuscript

Author Manuscript

Neuroimage. Author manuscript; available in PMC 2018 July 15.



Page 46

Rathore et al.

's108lqns 1DNd 1sureBe sisayuated Ul UMOYS ale Syjuow Jo siaquinN “[DIAd 01 [DINS WOy UOISISAUOD JO sl J1ay) 01 Buipiodoe papiaip
‘s108gns DA 10 S18S JUBIAYIP PUR [DIAIS UBaMIaQ UOITeIIJISSED aU1 MOyS SaLiua Buiurewss syl s|DINd pue SIDIAS auy |fe Buisn Ag Aoeindoe uonealyisse|d ayl SMoys (ST0Z “'[e 19 [elqe)) Joy Anus 1si1f ay

d =
IOING/ND T

IDINS/AV =

/ I

sakeq aAleU UBISSNRD = GNO WNILIOSU0D 8sessIp S Jawisyz|y uesdoing = Ddv3
U01103]3S [9X0OA BAIRUILILINSIA = SAQ

sanbiuyda) paseq uonosloid = OYd

— — — 6598 INaV ANAS Odd 26  — — YT €S (c102Z “12 33 Bl|1pEd)
— — 200'T6 — oav3 WNAS  sepy 60T - 29 - - (5T0Z “I® 38 1UEbRd)
0T'€9 r0S€8 0818 0088 INQV WAS  Sepv 5 ¥9 €5 — 0S (eT0z “Ie 18 AR19)
0072 — — INaV ANO+NAS  SAQ  — %5 (WS — — (ST0Z "I 30 [eAqeD)
00'S. — — INaV aND+NAS  SAQ — 95 (Bmee — — (STO0C "|2 318 [e1qRD)
0028 — — — INaY aN9+NAS sAd — 9s @D —  — (5102 “'12 10 [e4qeD)
0098 — — — INaV ANO+NAS  SAQ  — 9§ e — — (STOC "[2 10 [elqeD)
0068 — — — INaV ANO+NAS  SAQ — 95 4 - = (5T0Z “'12 18 [e4qeD)
00°00T — — oy'gg  [eula WAS 4VA G2 — — 0z Lz (€102 “1e 18 aybiaquapuen)
— — — 0018 INQV WNad1 dVA  v6 - - - 68 (6002 "2 32 SYOMUIH)
IDNG/IDINS  1DW/AY  NO/IDW  ND/aV NO 1DAS 10D ION  av
aseqele@  wuyuaoBje uoireoyisse|y  adAL Apms
Adeanade uoneolisse|d s109lgng

SYJ0MBLLIRLJ UOIRIILISSeIO QY Paseq 1 3d-pIojAwe pue | 34-9Q4 10 UonepijeA ayl 1oj pasn s1aserep sy Jo uondiiosap Jaig v
9 3|qeL

Author Manuscript Author Manuscript Author Manuscript Author Manuscript

Neuroimage. Author manuscript; available in PMC 2018 July 15.



Page 47

Rathore et al.

8169 — 92°08 G6'S6 INQY INAS [BU-BINNL - S4S 2§ 9§ 34 — 15 (st0Z “IB 38 NZ)
08'LL — 057L 0876 INQY o4S S4S  LTT €8 L2 — € (5102 12318 NX)
— — — FAW: INQY NAS BUR-INN - S4S 0L — — — 0§ (¥TOZ “[B 38 NIN)
00'€9 — — 0T'/8 INQY 419 S4S 88T 28T €sT — 1T (€702 “[B 18 BAOUESED)
00'85 — 0972 00'68 INaV isaloj wopuey SIS SE T¥ 7€ — (eTOZ “[B 18 ARID)
0072 — — — INQY Jo1yIsse|0 ss9004d URISSNED  S4S €L 96 Ly — €9 (€702 “1e 3 BunoA)
— — 0z'€8 €€'€6 INaV INAS [BUIY-INNE S4S 0S — — 6 S (zT0C ‘Usys ‘Bueyz)
— — — Lv'68 HMX VAT-NNJodIquasus SIS gz — — — o (2102 1218 1eQ)
— — or'9L 02'€6 INQY NAS BU-INN S4S 2§ — — 66 1S (102 “Ie 18 BURYZ)
— — — 0v'Z6 INQY NAS [BUI-IINN S4S 99 — — 6IT  8Y (TT0Z " 38 SYoUUIH)
— 20218 — — oyavy JauIssepo sjquesuy  S4S —  — — ve — (9702 "1e 19 311B1D)
— — — 00'€6 [NEle[e}:E] loyisseppleuonsel  04S €T — — — U (9702 "2 38 UBINOYS)
— — — 09'%6 HL WAS+vVA1 04S €2 — — — 62 (9702 "|e 1 Buel)
LE6L — — 11°26 INQY NAS 04S 68T 6 70T — €9 (102 “e18 BUBYZ)
28 — — — INQV isalo) wopuey'sal  04S  T€Z 00T ¥9T — 002 (STOZ “[e 39 IpRIOIN)
— 00°0L 00'6L 00's8 INQY WAS 048 TIT — — 28T G6  (7T0T “[e 9 eAojOISOdY)
— — — 0€'6 HL WAS 048 ST — — S 4 (eyTOZ "R 30 17)
— — 008 06'G6 INaV WAS 045 2§  — — 66 1S (¥70Z "2 38 NYZ)
— 00'88 00's8 00'96 SISVO 30U-UOISIOBP INAS [BUIBY  04S 16 — — 1S 12T (#7102 “[e 38 Bueyz)
— — — 70006 Bizdis+1ANY WAS o45 T —  —  — 6 (T0z “Ie 1 ueXNQ)
— — 60'TL — SVYINS WAS 048 ¥0z  — — 6L, — (2102 “1e 18 IND)
€719 — — — INQY WNAS 045 TIT /8 95 — 9 (TT0Z "2 38 IND)
— — — 00'00T Brzdio WAS 045 €T — — — I (eTTOZ “12 30 UBNQ)
0L'19 — — — INQY WAS 248 — 0T 69 —  — (1102 “[® 18 sox1zieneq)
— — 61'GL 18°€6 INQY WAS 045 €1z — — v9¢  8ST  (0TOZ “[e 18 Wiuueyoy)
— — — 0€'68 INaV WAS 04S 06T — — — 06T (800 “"[e 18 LNWaA)
— — 0006 — vsTg WAS 048 ST — — ST — (a800z “e 18 Ued)
IDWG/IDNS  IDN/QY  NO/IDIN ND/aQV NO I1DAs 1OANd  1DN @V
aseqgeleq wiyyaobe uoiyeayisse|  adAL
Adoeandde uoneaisse|d s109lgns

SYJ0MBLLIRIJ UOINRIILISSE|D QY Paseq AlljepoLuninw SNOLIeA JO UOIEPIjeA ay) J0J pasn s1aserep ay 1o uondiosap Jalg v

Author Manuscript

L 9lqeL

Author Manuscript

Author Manuscript

Author Manuscript

Author manuscript; available in PMC 2018 July 15.

rofmage.

Neu,



Page 48

Rathore et al.

(DNV) AV 01 [DIN WOy UOISIBAUOD JO UOIIDIPaid =

1oyo2 Bizdia1+INQV pauIquiod 8y} 1o AoeInddy uN

LINOSSIIAl ‘SIN0T 1S ‘BUIdIPaW JO [00Ys ANSIaAIUN UOIBUIYSBAA 481U8d UdIeasal aseasip Jawiayz)y = D4ay
BLISNY Ul eRUBWAP Uo AnsiBal aAdadsold = IN3A0Yd

eulyD ‘Butliag ‘rendsoy nm ueny = HMX

Apnis Buibe pue Alowsw AsupAS = SYINS

BUIYD ‘UeynM ‘Tendsoy 1fbuol = H1

Buiutes] Jajsuesy pazienfiai-pjojiuew [epownNAl = 112N

SISAJeue JUBUIWILIOSIP Jeaul|-Ajufenasun wnwixelN = va1-NIN

UOIRIILISSE|D paseq-uoleiuasaldal asreds = DS

uoleledas Alsuap Mo = S se1barens uoisny pazijeldads = S4S

UO0I1eUSIEIUOD 3INYes) premiojiybiens = D4S

— — 0008 09'¢6 INQV Buiuses) sser-nNIL-+ S4S 4] - - 16 0S (910Z "1 19 NA)
0008 — — — INQV [duieX-nnwi onsljigeqold  S4S — (114 6€T — - (9702 “Ie 19 A9j0I0)
— — — 0098 asas AAS [BUWX-NININ- S4S 14 — - - 8¢ (asT0Z "I2 18 BQUAQ)
0T'08 — — — INAV LN SdS 4] 9§ 514 - TS (egT0Z “[B 39 BUBYD)
(0467 0,28 0v'98 — INAV INAS J8jsues utewog  S4S S 99 1514 - 18 (9gT0Z “[2 38 BuUayD)
IDNG/IDNS  1DWN/AY  NO/IDW  ND/aV NO IO 1IOWd  ION AV
aseqereq wyiioBe uoneoyisse]n  adAL

Aoeandoe UoedlIsse|d

s109lgns

Author Manuscript

Author Manuscript Author Manuscript

Author Manuscript

Neuroimage. Author manuscript; available in PMC 2018 July 15.



	Abstract
	1. Introduction
	2. Selection criteria
	3. Classification frameworks for Alzheimer’s disease and its prodromal stages
	3.1. Structural MRI-based studies
	3.1.1. Density map-based methods
	3.1.1.1. Whole density maps as features (DMAF)-based methods
	3.1.1.2. Reduced density map feature-based methods
	• Supervised/unsupervised feature-reduction-based methods
	• Atlas-based methods
	• Adaptive-ROI-based methods


	3.1.2. Surface-based methods
	3.1.2.1. Vertices as features-based methods
	3.1.2.2. Reduced vertices as features-based methods
	• Supervised/unsupervised feature-reduction-based methods
	• Atlas-based methods


	3.1.3. Pre-defined regions-based methods
	3.1.3.1. Hippocampal features
	3.1.3.2. Biologically selected features


	3.2. Functional MRI-based studies
	3.3. Diffusion tensor imaging (DTI)-based studies
	3.3.1. Tractography-based methods
	3.3.2. Connectivity network measure-based methods
	3.3.3. Discriminative voxel selection-based methods

	3.4. Positron-emission tomography (PET)-based studies
	3.4.1. FDG-PET
	3.4.1.1. VAF-based methods
	3.4.1.2. Discriminative voxel selection-based methods
	3.4.1.3. Atlas-based methods
	3.4.1.4. Projection-based methods

	3.4.2. Amyloid-PET

	3.5. Multimodal studies
	3.5.1. Straightforward feature concatenation
	3.5.2. Specialized fusion strategies


	4. Discussion
	4.1. AD classification studies comparison
	Length of follow-up period
	Study population
	Degree of impairment
	Evaluation metrics
	Factors affecting the performance of classification algorithms

	4.2. Challenges with AD classification studies
	Generalization ability
	Sample size
	Reproducibility
	AD heterogeneity

	4.3. Conclusion and future directions

	References
	Figure 1
	Figure 2
	Figure 3
	Table 1
	Table 2
	Table 3
	Table 4
	Table 5
	Table 6
	Table 7

