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Abstract

Multivariate pattern analysis techniques have been increasingly used over the past decade to derive
highly sensitive and specific biomarkers of diseases on an individual basis. The driving assumption
behind the vast majority of the existing methodologies is that a single imaging pattern can
distinguish between healthy and diseased populations, or between two subgroups of patients (e.g.,
progressors vs. non-progressors). This assumption effectively ignores the ample evidence for the
heterogeneous nature of brain diseases. Neurodegenerative, neuropsychiatric and
neurodevelopmental disorders are largely characterized by high clinical heterogeneity, which
likely stems in part from underlying neuroanatomical heterogeneity of various pathologies.
Detecting and characterizing heterogeneity may deepen our understanding of disease mechanisms
and lead to patient-specific treatments. However, few approaches tackle disease subtype discovery
in a principled machine learning framework. To address this challenge, we present a novel non-
linear learning algorithm for simultaneous binary classification and subtype identification, termed
HYDRA (Heterogeneity through Discriminative Analysis). Neuroanatomical subtypes are
effectively captured by multiple linear hyperplanes, which form a convex polytope that separates
two groups (e.g., healthy controls from pathologic samples); each face of this polytope effectively
defines a disease subtype. We validated HYDRA on simulated and clinical data. In the latter case,
we applied the proposed method independently to the imaging and genetic datasets of Alzheimer’s
Disease Neuroimaging Initiative (ADNI 1) study. The imaging dataset consisted of T1-weighted
volumetric magnetic resonance images of 123 AD patients and 177 controls. The genetic dataset
consisted of single nucleotide polymorphism information of 103 AD patients and 139 controls. We
identified 3 reproducible subtypes of atrophy in AD relative to controls: 1) diffuse and extensive
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atrophy, 2) precuneus and extensive temporal lobe atrophy, as well some prefrontal atrophy, 3)
atrophy pattern very much confined to the hippocampus and the medial temporal lobe. The
genetics dataset yielded two subtypes of AD characterized mainly by the presence/absence of the
apolipoprotein E (APOE) £4 genotype, but also involving differential presence of risk alleles of
CD2AP, SPON1 and LOC39095 SNPs that were associated with differences in the respective
patterns of brain atrophy, especially in the precuneus. The results demonstrate the potential of the
proposed approach to map disease heterogeneity in neuroimaging and genetic studies.

Graphical abstract
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1. Introduction

Automated analysis of spatially aligned medical images has become the main framework for
studying the anatomy and function of the human brain. This is typically performed by either
employing voxel-based (VBA) or multivariate pattern analysis (MVPA) techniques.

VBA complements region of interest (ROI) volumetry by providing a comprehensive
assessment of anatomical differences throughout the brain, while not being limited by a-
prioriregional hypotheses. VBA typically performs mass-univariate statistical tests on either
tissue composition or deformation fields, aiming to reveal regional anatomical or shape
differences (Ashburner et al., 1998; Goldszal et al., 1998; Ashburner and Friston, 2000;
Davatzikos et al., 2001; Chung et al., 2001; Fox et al., 2001; Job et al., 2002; Kubicki et al.,
2002; Chung et al., 2003; Studholme et al., 2004; Bernasconi et al., 2004; Giuliani et al.,
2005; Job et al., 2005; Meda et al., 2008; Ashburner, 2009). However, voxel-wise methods
often suffer from low statistical power and more importantly, ignore multivariate
relationships in the data.

On the other hand, MVPA techniques have gained significant attention due to their ability to
capture complex relationships of imaging signals among brain regions. This property allows
to better characterize group differences and could potentially lead to improved diagnosis and
personalized prognosis. As a consequence, machine learning methods have been used with
increased success to derive highly sensitive and specific biomarkers of diseases on individual
basis (Mourdo Miranda et al., 2005; Kloppel et al., 2008; Davatzikos et al., 2008; Vemuri et
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al., 2008; Duchesne et al., 2008; Sabuncu et al., 2009; McEvoy et al., 2009; Ecker et al.,
2010; Hinrichs et al., 2011; Cuingnet et al., 2011).

A common assumption behind both VBA and MVPA methods is that there is a single pattern
that distinguishes the two contrasted groups. In other words, most computational
neuroimaging analyses assume a single unifying pathophysiological process and perform a
monistic analysis to identify it. However, this approach ignores the heterogeneous nature of
diseases, which is supported by ample evidence. Typical examples of brain disorders that are
characterized by a heterogeneous clinical presentation include both neurodevelopmental and
neurodegenerative disorders: Autism Spectrum Disorder (ASD) comprises
neurodevelopmental disorders characterized by deficits in social communication and
repetitive behaviors (Geschwind and Levitt, 2007; Jeste and Geschwind, 2014);
Schizophrenia and Parkinson’s Disease can be subdivided into distinct groups by separating
its symptomatology to discrete symptom domains (Buchanan and Carpenter, 1994; Graham
and Sagar, 1999; Koutsouleris et al., 2008; Nenadic et al., 2010; Zhang et al., 2015; Lewis et
al., 2005); Alzheimer’s Disease (AD) can be separated into three subtypes on the basis of the
distribution of neurofibrillary tangles (Murray et al., 2011); and Mild Cognitive Impairment
(MCI) may be further classified based on the type of specific cognitive impairment (Huang
et al., 2003; Whitwell et al., 2007).

Disentangling disease heterogeneity may significantly contribute to our understanding and
lead to a more accurate diagnosis, prognosis, and targeted treatment. However, few research
efforts have been focused on revealing the inherent disease heterogeneity. These approaches
can be categorized into two distinct classes. The first class assumes an a priori subdivision of
the diseased samples into coherent groups, based on independent (e.g., clinical) criteria, and
opts to identify group-level anatomical or functional differences using univariate statistical
methods (Huang et al., 2003; Koutsouleris et al., 2008; Nenadic et al., 2010; Whitwell et al.,
2012; Zhang et al., 2015). As a consequence, multivariate relationships in the data are
ignored. Moreover, and more importantly, these methods depend on an a priori disease
subtype definition, which may be either difficult to obtain (e.g., from autopsy near the date
of imaging), or noisy and non-specific (e.g., cognitive or clinical evaluations). Methods
belonging to the second class apply multivariate clustering (typically driven by all image
elements) directly to the diseased population towards segregating subsets of distinct
anatomical subtypes (Graham and Sagar, 1999; Whitwell et al., 2007; Lewis et al., 2005;
Noh et al., 2014). Such an approach aims to cluster brain anatomies instead of pathological
patterns. Thus, it has the potential risk of estimating clusters that reflect normal inter-
individual variability, some of which is due to sex, age, and other confounds, instead of
highlighting disease heterogeneity.

In order to tackle the aforementioned limitations, it is necessary to develop a principled
machine learning approach that is able to simultaneously identify a class of pathological
samples and separate them into coherent subgroups based on multivariate pathological
patterns. To the best of our knowledge, one approach has been previously proposed in this
direction (Filipovych et al., 2012). That work tackled disease subtype discovery by
simultaneously solving classification and clustering in a semi-supervised maximum margin
framework. It jointly estimated two hyperplanes, one that separates the diseased population
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from the healthy one, and another hyperplane that splits the estimated diseased population
into two groups. Thus, only one linear classifier was used to separate patients from controls,
thereby limiting its ability to capture heterogeneous pathologic processes. Moreover, it
arbitrarily assumed that exactly two disease subgroups exist, rather than attempting to
determine the number of subtypes from the data.

Here, we propose a novel non-linear semi-supervised? machine learning algorithm for
integrated binary classification and subpopulation clustering aiming to reveal HeterogeneitY
through DiscRiminant Analysis (HYDRA). To the best of our knowledge, ours is the first
algorithm to deal with anatomical/genetic heterogeneity in a supervised-clustering fashion
with arbitrary number of clusters. The proposed approach is motivated by recent machine
learning methods that derive non-linear classifiers through the use of multiple-
hyperplanes(Fu et al., 2010; Gu and Han, 2013; Varol and Davatzikos, 2014; Kantchelian et
al., 2014; Takéacs, 2009; Osadchy et al., 2015). Classification is performed through the
separation of healthy controls from pathological samples by a convex polytope that is
formed by combining multiple linear max-margin classifiers. Heterogeneity is disentangled
by implicitly clustering pathologic samples through their association to single linear sub-
classifiers. Multiple dimensions of heterogeneity may be captured by varying the number of
estimated hyperplanes (faces of the polytope). This is in contrast to non-linear kernel
classification methods which may accurately fit to heterogeneous data in terms of disease
prediction, but do not provide any explicit clustering information that can be used to
determine subtypes of pathology. HYDRA is a hybrid between unsupervised clustering and
supervised classification methods; it can simultaneously fit maximum margin classification
boundaries and elucidate disease subtypes, which is not possible with neither unsupervised
clustering methods nor non-linear kernel classifiers.

Note that a preliminary version of this work was presented in (Varol et al., 2015). The
current paper extends our previous work in multiple ways: i) A more sophisticated
initialization scheme based on Determinental Point Processes is employed (Sec. Appendix
A.1); ii) The sensitivity to initialization due to the non-convexity of the objective function
has been improved by using multiple initializations and consensus strategies (Sec. Appendix
A.4); iii) A symmetric version of the algorithm is developed towards accounting for the
heterogeneity of the healthy controls and avoiding over-learning (Sec. 2.4). iv) A detailed
description of the proposed methodology is provided. v) We extensively evaluate our
method, HYDRA, by using additional (imaging and genetic) datasets and comparing it to
unsupervised clustering and non-linear classification methods.

The remainder of this paper is organized as follows. In section 2, we detail the proposed
approach. Next, we experimentally validate our method using synthetic (Sec. 3) and clinical
(Sec. 4) data. We discuss the results in Sec. 5, while section 6 concludes the paper with our
final remarks.

2The term semi-supervised is in reference to lack of disease subtype labels that must be inferred from data

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



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Varol et al. Page 5

2. Method

In high dimensional spaces, the modeling capacity of linear Support Vector Machines
(SVMs) is theoretically rich enough to discriminate between two homogeneous classes.
However, while two classes are linearly separable with high probability, the resulting margin
may be small. This case arises for example when one class is generated by a multimodal
distribution that models a heterogeneous process (see Fig. 1a). This may be remedied by the
use of non-linear classifiers, allowing for larger margins and thus, better generalization.
However, while kernel methods, such as Gaussian Radial Basis Function (GRBF) kernel
SVM, provide non-linearity, they lack interpretability when aiming to characterize
heterogeneity.

Here, we take advantage of the previous intuition to design a novel machine learning
technique that will provide larger margins while being able to elucidate heterogeneity. We
introduce non-linearity using multiple linear classifiers that form locally linear hyperplanes
whose linear segments separate the clusters of negative samples from the positive class (see
Fig. 1b). In this way, subjects are explicitly clustered by being assigned to different
hyperplanes, giving rise to interpretable directions of variability that may be useful in
discovering heterogeneity.

Suppose that our dataset consists of 77 binary labelled a-dimensional data points
(2=(xi,vi)i_1, X/ € R%and y; € {1, 1}). Without loss of generality, we assign the negative
class to the pathological population whose heterogeneity we seek to reveal. Let us note that
while there may be heterogeneity in the healthy population, we focus here on revealing
disease heterogeneity. Our aim is twofold. First, we aim to estimate & hyperplanes that form
a convex polytope that separates the two classes with a large margin. Second, we aim to
assign each pathological sample to the hyperplane that best separates it from the normal
controls. The main idea is that samples that belong to different pathological subgroups will
be assigned to different hyperplanes, each of which reflects a respective pathological process
(see Fig. 1c). Towards fulfilling the aforementioned aims, we introduce the proposed
approach by extending standard linear maximum margin classifiers.

2.1. Large Margin Classification

For completeness, let us briefly introduce standard linear maximum margin classifiers.
Maximum margin classifiers aim to estimate a hyperplane that separates the two classes by a
half space, while ensuring that the distance (or margin) from the decision boundary for each
sample is maximized. More formally, suppose that the set .# comprises the set of all linear
classifiers w such that for the given dataset Z all samples are correctly classified, or V
yiwTx) + b= 1. The goal is to find the classifier w belonging to the set . that maximizes
the margin between classes. The margin is defined as the orthogonal distance between the
two hyperplanes:

wlut+b=—1, and w! v+b=+1,
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where the set of points u, v that satisfy the equations, represent points from both classes with

1+b 1-0
active constraints. Notice that setting "~ ~ 2" and "~ |y 2" satisfies the previous

equations. Since u, v are parallel, the orthogonal distance between the hyperplanes is simply

2
Ju— V||2:_||W||2, which is the margin for SVM (Vapnik, 2000).

The optimal classifier is estimated by solving an optimization problem. However, instead of

2
W|-
maximizing the margin, its inverse ( H 2“2) is typically minimized subject to the separability

constraints. This results in the well known SVM objective:

. n
e wlls C ,
ml&{ﬂlze 52+ ;&
subject to
yi(whxi4b) > 1 —&and & > 0

where £= (&, ..., £). The second term of the objective (CZ:;@ accounts for slack
when classes are non-separable.

2.2. Convex Polytope Classification

Standard SVMs assume that there is a single pattern (encoded by the estimated hyperplane)
that distinguishes the two classes. However, this assumption is violated in the case of
heterogeneity. We aim to model heterogeneity by utilising multiple linear hyperplanes, each
one corresponding to a different pathological pattern. By combining multiple linear
classifiers in a piecewise fashion, we extend linear max-margin classifiers to the non-linear
case. Thus, we consider the extended hypothesis class that consists of the set of sets of K
hyperplanes, generalizing the geometry of the classifier to that of a convex polytope (Takécs,
2009). Due to the interior/exterior asymmetry of the polytope, it is necessary to confine one
class to its interior while restricting the other class to its exterior. Without loss of generality,
we confine the positive class to the interior of the polytope. Thus, the search space .7, is
defined as:

T = {{Wj:b,i}le‘v.jaw?xi+b,j > lify;i=+1,
3j:wTxi+b; < —lify= — 1} .

In other words, .77, comprises all sets of K classifiers such that all classifiers correctly
classify all members of the positive class, while for every negative sample, there is at least
one classifier that correctly classifies it.

The latter gives rise to an assignment problem, where samples that have been affected by the
same pathological process are assigned to the same hyperplane. This can also be seen as a
clustering task since samples that have been assigned to the same hyperplane can be
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equivalently considered as clustered together. Thus, if S~=[s, ;] € {0,1}" ** denotes the
binary matrix that describes the assignment of the /th negative class sample (/7 in number)
to the j~th face of the polytope, then the search space becomes:

Fre(87) 2 {{w bV 197, whxitby > 1ifyi=+1,
W;in—i—bj < —lify;=— 1land sm»:l} .

Given the assignment S™, there are K'margins; each one corresponding to one face of the

polytope. Analogous to the SVM formulation, the margin for the fth face of the polytope is
2

[wlly However, due to the piecewise nature of the convex polytope, there are multiple

notions of margin for the surface of the polytope. In this work, aiming to keep the problem

tractable, we maximize the average margin across all the faces of the polytope:

. 1 K 2

m—}zjzl w5y Thus, for a given dataset D and assignment S~ for the negative class,

the objective becomes:

K2
.. 1
maximize E
K
{w]"bj}j(zl Jj=1 ||W.7||2
subject to

WTX,L-—i—bj >1 ify=+1forj=1,..., K
W xi+b; < —1 ify;= — land s; j=1

Note that, given the assignments, the objective, and the constraints are separable into K
independent subproblems. Each subproblem is analogous to the SVM formulation after
adding the slack terms & ;, or:

12 "
minimize % +CZ€M
wj:bj.€; i=1
subject to
W?Xl—i-bj >1-— 51'.’]' if yi==+1
Wixi+b; < —14&;; ify;= — land s; ;=1
€ij 20 for j=1,....n

where Cis a penalty parameter on the training error. If we now use the definition of the slack

terms as &; j=max{0,1 — yi(W?Xi‘i'bj)}, and consider all hyperplanes

({W,b} £ {w;,b;}1 ) at the same time, we get:
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HllnlleGZH JH2 +C Z Kmax{() 1-— w x; —b;}
{WJ bj }] 1j=1 7‘1/,——1—1

+C Z si,jmaX{O,l—i—w?xi—l—bj}
ilyi=—1

i M

So far, we have assumed that the assignment matrix S~ is known. However, this is not the
case in practice and S™ has to be estimated too.

Attempting to solve for both {W, b} and S~ results in a non-convex objective function
which is combinatorially difficult to optimize. Furthermore, optimization for the binary
assignment S~ is itself non-convex since it constitutes an integer programming task. To make
the problem tractable, we take two steps. First, we relax the binary assignment (s; ;€ {0, 1})

to a soft assignment (s;/ € [0, 1], Zj{:ﬁw:l, V). Given this relaxation, the objective
becomes block-wise convex with respect to the groups of variables {W, b} and {S™}. We
then use this relaxed objective function to obtain locally optimal solutions by iteratively
solving for {W, b} and {S7}. The details of the iterative optimization are given in Appendix
A

Once the polytope classifier {W, b} is trained, predicting the class y* of a new instance x*
is straightforward:

y*:sign(mjinw}ﬂx*—l-bj)

In other words, if x* is in the interior of the polytope defined by the estimated hyperplanes
({W, b}), then it is classified as positive by all classifiers corresponding to the faces of the

polytope (w x"+b;>0), resulting in an overall positive class prediction ()* = +1).
Otherwise, if x” is in the exterior of the polytope, then it is classified as negative by at least

one classifier corresponding to a face of the polytope (ijx*+bj<O), resulting in an overall
negative class prediction ()" = —1). Analogously, the prediction score is simply the
minimum of the prediction scores of all classifiers corresponding to the faces of the

polytope: (mmw X"+0;) Moreover, a new sample may be assigned to the existing clusters
by computlng the assignment index s« jusing Eq. A.1.

2.3. HYDRA Algorithm

Given the solutions of {W, b} and S~ outlined in Sec. Appendix A.2 and Sec. Appendix A.
3, we solve for the maximum margin convex polytope in an iterative fashion. This is the
main workhorse behind the proposed framework that aims to elucidate HeterogeneitY
through DiscRiminative Analysis (HYDRA) and is outlined in Algorithm 1. However, due
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to the non-convex nature of the problem, it is necessary to take additional steps to ensure the
high quality of the solution.

Our approach towards enhancing the quality of the solution is twofold. First, particular care
is taken to initialize the iterative algorithm in such a way that clustering solutions that
exhibit disease-related diversity are promoted. This is made possible by employing
Determinental Point Processes (DPP) (Kulesza and Taskar, 2012) to sample diverse
directions of pathology, which can subsequently be used to estimate the initial clustering
assignments (see Appendix A.1 for details).

Second, acknowledging the fact that, in non-convex settings, the estimated solution may
vary greatly depending on the initialization, we employ a multi-initialization strategy that is
coupled with a fusion step. Multiple runs of the Algorithm 1 are performed using different
initializations generated by the previously described DPP sampling process, as well as
different subsets of the population. The estimated clusters constitute hypotheses that capture
perturbations of the underlying group topography. These clustering hypotheses are
aggregated by taking into account the consensus of the respective solutions, producing the
final clustering result that is free of noisy perturbations and emphasizes the underlying group
structure (see Appendix A.4 for details).

2.4. Symmetric HYDRA algorithm

The algorithm that we have so far outlined is asymmetric. The patients lie on the exterior of
the polytope while the controls are constrained on the interior of the polytope. This property
may result in over-fitting when classifying. This can be remedied by symmetrizing the
algorithm. One can run the Algorithm 1 twice, once using the actual labels Y'and once using
the negated labels: — Y. In that case, one can use the estimated output polytopes [W™, b*]
and [W~, b~] to make predictions using the following formula:

Algorithm 1 — HYDRA

Input: X € R™4 y € {-1, +1}” (training signals), C (loss penalty), K (number of clusters/hyperplanes)

Output: W € R*K, b € R (Classifier); S~ e [0, 1]n7 K (Clustering Assignment)
Initialization: Initialize S~ by Algorithm 2

Loop: Repeat until convergence (or a fixed number of iterations)

* Fix S~ — Solve for W, b by weighted LIBSVM (sample weights set by Eq. A.2)

* Fix W, b — Solve for S~ using Eq. A.1

y"=sin ((m-inwaX*+bj+> - (m_inw;Tx*er;)) ;
J : - j y ‘ (2)

where both classifiers are taken into account.
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Note that the symmetric model does not affect the clustering of the patients since the two
runs of Algorithm 1 are independent of each other. The difference is that the symmetric
model provides two clusterings, one for the patients, and one for the controls.

3. Experiments using Simulated Data

We first validated the proposed method using synthetic data. We used a two-dimensional toy
dataset to provide insight into the workings of the proposed approach. Then, we
quantitatively validated the proposed approach against common clustering and classification
approaches in a simulated dataset where heterogeneity has been introduced. We evaluated
the ability of HYDRA to distinguish between two classes and demonstrated its potential to
reveal relevant subgroups.

Let us note that for all experiments, the classification was performed using the symmetric
version of HYDRA, while the clustering of the negative class was used to reveal disease
heterogeneity. The final clustering was the consensus result of twenty repetitions. The primal
formulation was employed when tackling low-dimensional data, while the dual formulation
was preferred in the case of high-dimensional data (see Appendix B.1 for the dual
formulation).

3.1. Toy Example

To illustrate the behavior of our method, we generated a synthetic two-dimensional dataset
with thousand instances (see Fig. 2). The first half of the samples were drawn from a
unimodal distribution, simulating the healthy control population (denoted by magenta
squares). The other half consisted of a crescent-shaped cluster of points, corresponding to
the heterogeneous disease group (denoted by rhombuses colored using different variants of
blue). To provide a more comprehensive setting, we additionally considered two different
separability cases between the two populations. In the first case (see Fig. 2a), the two classes
overlapped highly, resulting in low separability. In the second case (see Fig. 2d), the two
groups did not overlap and were separated by a significant margin, thus increasing
separability.

To further clarify the advantages of the proposed framework, we compared the performance
of HYDRA (using two hyperplanes, K= 2) against the performance of standard linear SVM.
The results of the experiments are shown in Fig. 2. There are two important observations to
make. First, the introduced non-linearity in HYDRA allows for improved separability
between the two groups in both scenarios (see Fig. 2b, 2¢, 2e and 2f). This increase is more
important in the case of low-separability between classes (see Fig. 2b and 2c¢), where the
linear SVM was not able to fully separate them. In the case of high-separability, the
hyperplane that was estimated by the linear SVM effectively separated positive from
negative samples. However, it did so by a relatively small margin (see Fig. 2b). On the other
hand, HYDRA harnessed the non-linear structure of the data and separated them with a high
margin that led to improved generalization performance (see Fig. 2f).

Second, and most importantly, HYDRA separated the negative class into two subgroups that
differ from the positive class in two distinct directions. This clustering is directly related to
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the hyperplanes that separate the two classes. As a consequence, the obtained clustering is
obtained in a supervised fashion and thus, it is driven by discriminating patterns that capture
disease heterogeneity. This is in contrast to standard clustering techniques that group
together samples based on appearance, which is not necessarily related to disease variability.

3.2. Simulated High-Dimensional Heterogeneous Data

Despite ample evidence of disease heterogeneity, the lack of labeled ground-truth poses a
fundamental obstacle in validating the proposed approach. Thus, to overcome these
limitations, we construct a simulated validation setting that allows for quantitative
comparisons with other algorithms.

Aiming to replicate the common high-dimensional low sample size regime that is prevalent
in neuroimaging studies, we generated a synthetic dataset with three hundred instances (or
subjects) that are sampled as images with features on a 64 x 64 grid. The positive class
(healthy group) was generated by randomly sampling 150 samples from a multivariate
unimodal Gaussian distribution with zero mean and unit variance (-# (0, 1)), The negative
class (disease group) was generated by drawing 150 samples from a tri-modal distribution,
where each mode simulates a different focus of disease progression (see Fig. 3a). Each focal
effect had a radius of 10 pixels, with a variance of 0.5 units. To simulate the effect of disease
progression, an age effect was simulated. This was generated by adding unit variance
random noise to simulate progression. Therefore, there were three distinct focal effects in
each subgroup, the subgroup specific effect with variance 1.5 units and the non-specific
effects with unit variance. Additionally, 10% of the labels were mislabeled to simulate
misdiagnosis and label noise.

3.2.1. Validation Measures—HYDRA is in principle an exploratory analysis tool,
aiming to reveal disease heterogeneity. However, it operates by simultaneously performing
classification and clustering. Thus, it is of interest to understand how well the proposed
method accomplishes each step.

To validate the classification performance, we computed the Area Under the receiver
operating characteristic Curve (AUC) (Bradley, 1997). The AUC statistic summarizes the
quality of the performance of a binary classifier. It is equal to the probability that a classifier
will rank a randomly chosen positive instance higher than a randomly chosen negative one.
Thus, an AUC equal to one indicates a perfect classifier. We calculated a distribution of
AUC values by performing 100 realizations of 10-fold cross-validation. During each
iteration, the data were partitioned into ten folds. Each fold was successively used as a test
set while the remaining folds were used to train the method. The optimal parameter C of the
method was estimated by performing a grid search over C€ {27°, ..., 23} using an internal
round of 10-fold cross-validation.

The clustering performance of our approach was assessed by taking into account the stability
of the obtained results. The adjusted Rand Index (ARI) (Hubert and Arabie, 1985) was used
to quantify the similarity between different clustering results. This index is corrected for
grouping by chance, resulting in a more conservative estimation of the overlap. A value
equal to one indicates a perfect clustering. We calculated the ARI in a cross-validated
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fashion, following the previously described cross-validation scheme. However, in our
calculations we took into account only the clustering stability between training folds. Any
pair of training folds shared 80% of the subjects, allowing us to compute how consistently
the common subjects were placed in the same clusters despite the variations due to the ~
10% difference in the sample composition across folds. In detail, given the optimal Cvalue
that was estimated during the inner-fold cross-validation, we trained the model, yielding a
clustering of the negative subjects in the training set. This procedure was repeated for all
realizations of the 10-fold cross-validation, yielding a set of clusterings of the negative
subjects of the respective training sets. Finally, we computed the average pairwise ARI
between the estimated clusterings.

Let us note that the classification accuracy and the clustering stability are only surrogate
measures that allow us to elucidate the underpinnings of the proposed method. HYDRA
does not directly target increased classification accuracy, but instead it focuses on detecting
disease subgroups. Moreover, while clustering stability is desirable, it does not necessarily
imply that the estimated clusters correspond to the underlying heterogeneity. Quantitatively
evaluating the relevance of the clustering to the intrinsic heterogeneity is in general not
feasible. However, in this simulated scenario, the ground truth was available by default.
Thus, we calculated the ARI between the estimated clusters and the simulated ones.
Moreover, to further assess the performance, we conducted group analysis between the
estimated subgroups and the positive class. The derived p-value maps allow for the
visualization of the estimated clusters and their comparison to the generated ones.

3.2.2. Comparison with existing methods—To further validate HYDRA, we
compared it to common classification and clustering approaches.

As far as classification is concerned, we first compared our method against linear SVMs. In
fact, our method is a generalization of the linear SVM framework. By setting the parameter
Kequal to one, our method reduces to a linear SVM classifier. Parameter selection (/.¢.,
fixing Cvalue) was performed using the same strategy as the one for the proposed
framework.

Moreover, because HYDRA establishes a non-linear separation boundary between the two
classes, we contrasted its performance against the GRBF kernel SVM. The free parameters
were determined through a nested cross-validation strategy. A grid search was performed
over the parameter space defined by the regularization parameter C(C€ {275, ..., 23}) and
the parameter o that controls the bandwidth of the RBF kernel (o € {27°, ..., 23}).

Verifying that HYDRA achieves comparable accuracy with commonly used classifiers, thus
retaining discriminative power, is important because discrimination is inextricably tied to the
cluster definition. However, the main focus of the method is on discovering clusters in the
abnormal cohort. To validate the clustering potential of our framework, we included the
performance of the K-means clustering (Lloyd, 1982) (20 replicates were used). We also
examined the potential of the approach that performs classification on top of the clustering
results. In particular, we first used K-means to cluster samples from one class and then
trained a linear SVM for each cluster. This procedure was performed for both the negative
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and positive classes. The out of sample prediction was obtained using Eq. 2. This approach
(Gu and Han, 2013) is termed here K-means/SVM. Similar to the previous cases, nested
cross-validation was performed for selecting the C parameter. Note also that we run K-
means and HYDRA for the same value of the parameter K 'that varied from one to nine (K €

{1, ..., 9.

3.2.3. Results—The results of the cross-validated classification accuracy are reported in
Fig. 4a. We note that the classification results depend on the value of the parameter K. The
high dimension and low sample size setting allowed linear SVM to separate the two classes
with high accuracy. However, the non-linearity that is introduced by Gaussian SVM, as well
as by HYDRA and K-means/SVM, resulted in a slight improvement in the classification
performance (see also Table 1). We should underline that a statistically significant
improvement of the performance was observed only for HYDRA results (p-value for t-test
comparison between K= 3 HYDRA results and linear SVM equals to 0.016). Lastly, we
observe that the classification accuracy that was obtained by HYDRA peaks at K= 3 and
relatively decreases for higher values of K. This indicates that HYDRA was able to correctly
estimate the intrinsic dimensionality of the pathological class.

As far as the clustering reproducibility is concerned, we note a significant difference
between HYDRA and K-means (see Fig. 4b). Note that K-means obtained the highest
reproducibility, yet the estimated clusters did not reflect the simulated focal effects. K-means
consistently grouped the data into two clusters, while HYDRA segregated the data with
higher stability into three subgroups (see also Table 1). The importance of this difference
was further emphasized by the fact that K-means results were significantly different from the
HYDRA clustering. HYDRA clusters overlapped highly with the simulated ones while K-
means results did not match the generated subgroups (see Table 1). This is because K-
means, being blind to class information, was driven by global patterns that were confounded
by the variations stemming from covariate effects rather than relevant heterogeneity. On the
contrary, HYDRA was able to identify the heterogeneous groups by exploiting patterns that
encode directions along which the two groups differ.

To further appraise the differences between the two methods, we report in Fig. 3b and Fig.
3c the group differences between the positive class and the three subgroups K-means and
HYDRA estimated, respectively. By visually comparing them to the group differences for
the simulated groups (see Fig. 3a), we observe that HYDRA recovered the three modes of
differences with high certainty. Contrarily, K-means captured global effects that reflect the
overall progression of the simulated pathology (note the relevant increase of the group
differences in Fig. 3c), instead of teasing out distinct pathological directions.

Our synthetic validation setting provides two key insights. First, while all methods were able
to successfully separate the two groups, only HYDRA was able to distinguish between
pathological subgroups. Thus, to effectively disentangle disease heterogeneity, one should
focus on discriminating patterns rather than global image appearance. Second, and most
importantly, analyzing the clustering stability allows for the estimation of the intrinsic
dimensionality of the pathological group. Therefore, we adopt hereafter this popular
approach (Ben-Hur et al., 2002; Lange et al., 2004) to perform model selection.
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4. Experiments using Clinical Data

Having shown the interest of the proposed approach in synthetic data, we next applied our
method to data from the Alzheimer’s Disease Neuroimaging Initiative3 (ADNI). The ADNI
was launched in 2003 as a public-private partnership, led by Principal Investigator Michael
W. Weiner, MD. The primary goal of ADNI has been to test whether serial Magnetic
Resonance Imaging (MRI), Positron Emission Tomography (PET), other biological markers,
clinical and neuropsychological assessment can be combined to measure the progression of
mild cognitive impairment and early Alzheimer’s disease?. Here, our goal was to investigate
both the anatomical and the genetic heterogeneity in Alzheimer’s Disease.

4.1. Visualization of Heterogeneity

Anatomical heterogeneity—To visualize the neuroanatomical heterogeneity of both the
anatomically and genetically-defined disease clusters, voxel-based analyses (VBA) were
performed between the controls and patient groups.

To perform VBA, MRI scans were first pre-processed using previously validated and
published techniques (Goldszal et al., 1998). The preprocessing pipeline includes: (1)
alignment to the Anterior and Posterior Commissures plane; (2) skull-stripping (Doshi et al.,
2013); (3) N3 bias correction (Sled et al., 1998); (4) tissue segmentation into gray matter
(GM), white matter, cerebrospinal fluid, and ventricles using MICO (Li et al., 2014); (5)
deformable mapping (Ou et al., 2011) to a standardized template space (Kabani et al., 1998);
(6) formation of regional volumetric maps called RAVENS maps (Davatzikos et al., 2001),
generated to enable analyses of volume data rather than raw structural data; (7) the RAVENS
were normalized by individual intracranial volume to adjust for global differences in
intracranial size, and smoothed for incorporation of neighborhood information using an 8-
mm Full Width at Half Maximum Gaussian filter.

The GM RAVENS were used for all VBA experiments, where a general linear model (GLM)
was applied voxel-wise to estimate the disease effect on the voxel value using age and sex as
covariates. False Discovery Rate (FDR) correction for multiple comparisons was used for all
voxel-based analyses. Only results surviving the statistical threshold at g < 0.05 are shown.

Genetic heterogeneity—In addition to anatomical heterogeneity, the genetic differences
between the subgroups of AD were assessed by performing ANOVA on genetic markers,
followed by a Bonferroni test for multiple comparisons. Only results surviving the statistical
threshold at ¢ < 0.05 are reported.

4.2. Anatomical Heterogeneity of Alzheimer’s Disease

4.2.1. Participants and MRI data preprocessing—The first dataset comprises MRI
scans that were made available by the ADNI study®. T1-weighted MRI volumetric scans

3adni.loni.usc.edu

www.adni-info.org
5http://adni.Ioni.usc.edu/data—samples/mri/
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were obtained at 1.5 Tesla for 123 AD patients and 177 normal controls (CN) (see
demographic information given in Table 2).

A low-level representation was extracted by automatically partitioning the MRI scans of all
participants into 153 ROIs spanning the entire brain. The ROI segmentation was performed
by applying a new multi-atlas label fusion method (Doshi et al., 2015). The derived ROIs
were used as features for all clustering and classification methods.

Correction for age and sex effects: To remove age and sex related differences between
patient groups while retaining disease-associated neuroanatomical variation, the strategy
outlined in (Dukart et al., 2011) was used. Within each cross-validation training fold, we
calculated voxel-level B-coefficients for age and sex in control subjects’ ROIs using partial
correlation analysis. Then, all subjects were residualized using these coefficients to correct
for age and sex effects not attributable to disease related factors.

4.2.2. Evaluation of results for structural MRI AD data

Classification results are reported in Fig. 5a. The standard linear SVM achieved a highly
accurate classification performance (AUC for K'= 1 is greater than 0.9), which emphasizes
the high separability between AD patients and healthy controls. Similar to linear SVM,
HYDRA was able to separate the two groups with high accuracy but, contrary to the
simulated case, it did not improve on the results of linear SVM. This is most likely because
the data were already linearly separable. However, the classification performance of the
proposed method remained relatively stable for different values of K (no statistically
significant differences between the results were found), demonstrating that HYDRA was
able to retain the important discriminative information that is necessary for disease subtype
clustering. Furthermore, the stable AUC at K= 2 may indicate a possible plateau in the AD
vs. control classification rate (Cuingnet et al., 2011). Lastly, we should emphasize that
HYDRA aims to increase the margin with K, which is indeed achieved (see Supplementary
Material). This has two important implications: i) that there is heterogeneity in the data; and
ii) that HYDRA successfully harnesses this heterogeneity to improve the margin.

The clustering stability results are presented in Fig. 5b, while the AUC and ARI values for
the HYDRA model at K= 1, 2, 3 are given in Table 3. The stability analysis suggests that
three clusters are appropriate for capturing the intrinsic dimensionality for representing the
disease heterogeneity. At finer levels (higher values of K), these three clusters are partitioned
into smaller clusters, giving rise to a hierarchical structure (see Supplementary Material).
This observed hierarchy provides further evidence that the data has an inherent structure that
HYDRA effectively reveals.

The optimal clustering is visualized through the use of VBA (see Fig. 6B, 6C and 6D). The
commonly performed voxel-wise group difference analysis between all healthy subjects and
all patients (see Fig. 6A) provides the necessary baseline for comparison. It should be noted
that the statistical significance of the group comparisons between the controls and the
subgroups of AD may be biased due to sample splitting. Thus, these comparisons should
serve a qualitative visualization function, rather than a quantitative one. For this reason, we
do not state the statistical significance levels for these differences.
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We observe that at the K'= 3 cluster level (see Fig. 6) the estimated subgroups are associated
with distinct patterns of structural brain alterations: i) diffuse atrophy subtype (see Fig. 6B)
exhibiting a typical AD pattern, similar to the one that is found by commonly applied
monistic VBA (see Fig. 6A). This subtype was characterized by atrophy in nearly all cortical
regions and increased lesion load in the periventricular white matter; ii) lateral parietal/
temporal subtype (see Fig. 6C) in which bilateral parietal lobe, bilateral temporal cortex,
bilateral dorsolateral frontal lobe, precuneus were mainly involved, and few periventricular
white matter lesions were present; iii) medial temporal dominant subtype (see Fig. 6D)
involving predominantly bilateral medial temporal cortex.

The estimated subgroups were associated with distinct demographic, cognitive and
cerebrospinal fluid (CSF) biomarker characteristics. The first subgroup comprised 24% of
AD subjects. It included relatively more male participants (21 males, 8 females) of relatively
increased age (78.9 £ 5.75). Members of this group achieved a Mini Mental State
Examination (MMSEG) score of 23.97 = 1.97, while the frequency of APOE &4 allele
carriers was 72.4%. In addition, this group had the highest CSF Amyloid-beta 1 to 42
peptide (Ap) concentration, 157.3 pg/mL, and the lowest CSF total tau (t-tau) and CSF tau
phosphorylated at threonine 181 (p-tau) concentrations, 97.3 pg/mL and 31.2 pg/mL,
respectively, on average compared to the other subgroups.

The second subgroup was the largest one, consisting of 51% of AD subjects, 60.32% of
whom are APOE &4 carriers. Both sexes were nearly equally represented (31 males and 32
females), having a mean age of 73.7 years (+7.63 standard deviation). Its members
performed relatively worse in terms of MMSE (23.16 + 1.99). The average CSF p-tau
concentration for this group was the highest compared to the other subgroups at 44.9 pg/mL.

The last subgroup included the 25% of AD patients. Contrary to the previous subgroup, it
was dominated by females (9 males and 22 females) of relatively younger age (72.62+6.85)
with a rather higher frequency of APOE &4 allele carriers (74.19%). MMSE performance of
this subgroup was 24.06 £ 1.34. The CSF Ag concentration was the lowest for this group at
127.9 pg/mL while the CSF t-tau concentration was the highest at 139.4 pg/mL, on average,
compared to the other subgroups.

Comparing the genetic profiles of these three subgroups of AD yielded further insight on the
differences between the pathologies exhibited by each subgroup. One-way ANOVA was
performed for each of the single nucleotide polymorphisms (SNPs) identified in two recent
genome wide association studies that reported loci associated with AD (Lambert et al.,
2013) and cognitive decline (Sherva et al., 2014) (see Appendix C). Three SNPs were
statistically significant different: rs10948363, which is related to gene CD2AP, rs11023139,
which is related to gene SPON1, and rs7245858, which is related to gene LOC390956.

For SNP rs10948363, which is related to gene CD2AP, 58% of the first subgroup and 74%
of the third subgroup were carriers of the minor G allele, while 39% of the second subgroup
were carriers of this risky allele.

6MMSE is a quantified clinical assessment for dementia (Folstein et al., 1975)
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For SNP rs11023139, which is related to gene SPONL1, 29% of the first subgroup were
carriers of the minor A allele, while 2% of the second subgroup and 11% of the third
subgroup were carriers of this allele.

Lastly, for SNP rs7245858, which is related to gene LOC39095, 23% of the first subgroup
were carriers of the minor A allele, while 2% of the second subgroup and 4% of the third
subgroups were carriers of this allele.

Heterogeneity of Alzheimer’s Disease

4.3.1. Genotype data—The second dataset comprises genotypes for 103 AD patients and
139 normal controls (see demographic information in Table 4), obtained from the ADNI
study7. ADNI genotyping is performed using the Human610-Quad Bead-Chip (Illumina,
Inc., San Diego, CA) which results in a set of 620,901 single nucleotide polymorphisms
(SNPs) and copy number variation markers (for details see (Saykin et al., 2010)).

Due to the weak or spurious signal in most of the genome, we opted to only use SNP loci
that were associated with Alzheimer’s disease or cognitive decline in recent large scale
genome wide association studies (Lambert et al., 2013; Sherva et al., 2014). This resulted in
a reduced set of 66 SNPs (see table in Appendix C)that were represented through the use of
two binary variables encoding the presence of major-major or major-minor alleles, thus
raising the total number of features to 132.

4.3.2. Evaluation of results for genotype AD data—Classification results are
reported in Fig. 7a. The standard linear SVM discriminated fairly between healthy controls
and AD patients (AUC for K'=1 equals to 0.72). Compared to the result that was obtained
using imaging features, this highlights the difficulties associated with disease classification
in the genotype domain. HYDRA was able to separate the two groups with a similar
accuracy for K'=2 (AUC equals to 0.70). The classification accuracy dropped for higher
values of K. However, the difference between the results for K= 1 and K= 2 was
statistically insignificant (p = 0.10).

The clustering stability results are presented in Fig. 7b, while the AUC and ARI values for
the HYDRA model at K= 1, 2, 3 are given in Table 3. The stability analysis suggested that
two clusters are appropriate for capturing the intrinsic dimensionality for representing the
genetic heterogeneity associated with AD. Similar to the anatomically-driven clustering
results, these two clusters are successively partitioned to smaller clusters for higher values of
K (see Supplementary Material), showing a hierarchical organization. This suggests that the
data has structure that HYDRA reveals.

The optimal genotype clustering is visualized by contrasting the imaging phenotypes of the
estimated subgroups against the healthy control population through VBA (see Fig. 8A and
Fig. 8B).

7http://adni.Ioni.usc.edu/data—samples/genetic—data/
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We observe that at the K'= 2 cluster level, the estimated subgroups were associated with
distinct patterns of structural brain alterations: i) increased temporal lobe atrophy subtype
(see Fig. 8A) including posterior medial cortex atrophy and increased white matter lesion
load; ii) increased superior frontal lobe atrophy subtype (see Fig. 8B) including temporal
lobe atrophy and periventricular white matter lesions.

The first subgroup exhibited reduced GM volumes in the hippocampus and entorhinal cortex
(Fig. 8A), while the second subgroup exhibited reduced GM volumes in the superior frontal

lobe (Fig. 8B). The difference between the brain images in the two subgroups are visualized
in Fig. 8C.

The sex and age composition of the two estimated subgroups was similar for both cases. The
proportion of the females in the first subgroup was 48.52%, while for the second one was
45.71% (see also Table 4). The average age of the first subgroup was 74.5, while for the
second one was 76.2 years old.

In addition to anatomical differences, the two subgroups exhibited significantly different
levels of APOE &4 allele and CSF biomarkers. While the first subgroup was composed of
98% APOE &4 carriers, only 14% of the second subgroup were APOE &4 carriers. Also, the
first group had lower AgB concentration, 133.6 pg/mL, and higher t-tau and p-tau
concentrations, 129.5 pg/mL and 42.5 pg/mL, respectively, on average compared to the
second subgroup.

Further analysis of the genetic differences between the two subgroups yielded two additional
loci of interest. While 32% of the first subgroup were carriers of the risk related A allele of
the SNP rs6656401 (related to gene CR1) 49% of the second subgroup was composed of
carriers of this allele.

The second locus that differed between the two subgroups was the SNP rs6733839, which is
related to gene BIN1. While 72.06% of the first subgroup consisted of risk related C allele
carriers of rs6733839, 85.71% of the second group comprised carriers of this allele.

However, similar to voxel-based analysis of the differences between the subgroups of AD
patients, these statistical findings should be approached with care as there might be bias due
to sample splitting. The statistical power needed to make a definite statement about the
genetic differences between the subtypes of AD may require a much higher sample size.

5. Discussion & Conclusion

Synopsis

In this paper, we presented HYDRA, a method for disentangling heterogeneity in a
principled semi-supervised machine learning framework. HYDRA aims to generalize the
basic assumption of computational neuroimaging studies from a single separating pattern to
many patterns, thus addressing one of the major challenges that characterizes many studies,
namely the presence of heterogeneity. HY DRA attempts to find patterns associated with the
underlying disease process, or more generally with the difference between two groups.
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These different patterns could potentially identify different dimensions of the underlying
disease process and hence lead to diagnostic subcategories.

The proposed approach seamlessly integrates clustering and discrimination in a coherent
framework by solving for a non-linear classifier that bears common geometric properties
with convex polytopes. Discrimination is achieved by constraining one class in the interior
of the polytope, while at the same time maximizing the margin between examples and class
boundary. On the other hand, clustering is performed by associating disease samples to
different faces of the polytope, and hence to different disease processes. Thus, each face of
the polytope informs us about the distinct foci of disease effects that distinguish the patients
from the healthy control subjects. This coupling between clustering and classification allows
for segregating patients based on disease patterns rather than global anatomy.

In our experiments, we demonstrated the ability of the proposed approach to discern disease
foci in both synthetic and clinical datasets without undermining its predictive power.
Moreover, our method is endowed with improved generalization performance due to its
maximum margin property of the method and the low complexity of the model (compared to
standard non-linear classifiers, e.g., Gaussian kernel SVM). The latter allows it to efficiently
handle small sample size high dimensionality data that are commonly encountered in
neuroimaging studies by exploiting the dual model representation and operating in the inner
product space.

Model selection

Choosing an appropriate number of hyperplanes, or corresponding disease subtypes, is a
important and difficult model selection question. The difficulty is underlined by the fact that
there is no ground truth available against which one may test a clustering result. However,
we presented a strategy based on examining the clustering stability (Ben-Hur et al., 2002;
Lange et al., 2004). The basic premise behind this strategy is that as one gets closer to the
intrinsic dimensionality of the pathological group, the clustering algorithm should obtain
similar results for different datasets generated by sampling the initial population. The group
structure should remain relatively stable accounting for the fact that the datasets have been
generated by the same factors.

Anatomical heterogeneity of AD

Applying the proposed framework to structural imaging data from ADNI, resulted in the
definition of three AD subgroups. Our results largely agree with a recent study employing
surface-based morphometry to study AD heterogeneity based on cortical thickness (Noh et
al., 2014) and bear similarity to the subtypes that were recently identified in a pathologic
study based on the distribution and density of neurofibrilllary tangles (Murray et al., 2011).
The first subgroup is similar to the diffuse atrophy subtype reported in (Noh et al., 2014) and
the typical AD group in (Murray et al., 2011). The second subgroup is comparable to the
parietal dominant in (Noh et al., 2014) and the first subtype in (Murray et al., 2011). The
third subgroup maps to the medial temporal subtype of (Noh et al., 2014) and the third group
of (Murray et al., 2011).
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The agreement of the results, despite the differences in the design of the studies, emphasizes
the fact that AD should be considered as a neuroanatomically heterogeneous disease,
characterized by multiple pathological dimensions. Among the pathological dimensions
revealed in this study, only the first one (Fig. 6B) bore important resemblance with a typical
AD pattern involving signature AD regions, while the other two (Fig. 6B and Fig. 6C)
exhibited distinct pathological patterns. These dimensions may reflect distinct pathways
leading to AD, associated with distinct disease processes that may constitute potential
therapeutic targets.

Aiming to further elucidate the recovered pathological dimension of AD, we found that the
anatomically defined clusters exhibit significant differences in their genotypes, demographic
characteristics and CSF biomarker distributions.

The first subgroup comprised more male participants of relatively older age. 72.4% of its
members were APOE &4 allele carriers, while SNPs rs11023139 and rs7245858 were carried
relatively more by members of this subgroup than members of the other two; 29% of the
first subgroup were carriers of the minor A allele for rs11023139 and 23% of the first
subgroup were carriers of the minor A allele for rs7245858, respectively (see Sec. 4.2.2).
This subgroup was characterized by the most widespread pattern of atrophy, yet the most
normal CSF biomarker levels. Moreover, the cognitive performance of its members was
comparable to the one of the rest of the subgroups. The older age of the group, the relatively
more normal levels of CSF biomarkers as well as the protective nature of rs11023139, which
has been associated with a slower rate of cognitive decline (Sherva et al., 2014), suggest a
protracted disease progression. The possible long disease progression may have allowed for
compensatory mechanisms to develop resulting in a cognitive performance that is
comparable to the other groups despite the extended atrophy.

The second subgroup was the largest one (comprising 51% of AD subjects), with a nearly
equal sex proportions. However, it comprised proportionally fewer APOE &4 carriers
(60.32%), fewer carriers of the risky allele of SNP rs10948363 (39%), and almost no
carriers of the minor A allele of SNP rs10948363 (2%) and SNP rs7245858 (2%). This was
the group whose members performed worse in terms of MMSE.

The third subgroup included predominantly females of relatively younger age. Most of the
patients (74.19%) were APOE &4 allele carriers, while also 74% of them were carriers of the
minor G allele of the SNP rs10948363, whose corresponding gene is CD2AP. CD2AP is a
scaffolding protein that is involved in cytoskeletal reorganization and intracellular trafficking
(Dustin et al., 1998) and has been previously associated with late onset AD (Naj et al.,
2011). Moreover, a direct link between CD2AP and amyloid g toxic effects has been noted
in yeast, nematodes, and rat cortical neurons after study of the role of several genes in
amyloid gand tau pathways (Treusch et al., 2011). This along with the fact that this group
exhibits the most abnormal levels of CSF t-tau and AgB concentration may explain why
members of this group are diagnosed as AD, despite being of younger age and exhibiting
more focal atrophy. The sex difference in the population of this subgroup may result from
the gender difference in the AD-promoting effect of the APOE genotype (Payami et al.,
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1996). Given that APOE &4 preferably affects medial temporal lobe structures, women may
have a more vulnerable medial temporal cortex than men, giving rise to this specific subtype.

Genetic heterogeneity of AD

Applying the proposed framework to genetic data from ADNI, resulted in the identification
of two AD subgroups. These groups were essentially dichotomized based on the presence of
APOE &4 allele (98% of the members of the first subgroup carry it, while only 14% of the
second subgroup do). However, the two groups exhibit additional genetic differences, as well
as anatomical differences and distinct distributions of CSF biomarkers.

Genetic differences were found for the SNP rs6656401 (related to gene CR1) and the SNP
rs6733839 (related to gene BIN1). Genetic variations at CR1 have been associated with the
risk of cerebral amyloid angiopathy and decreased entorhinal cortex volume (Biffi et al.,
2012; Bralten et al., 2011). Increased expression of the BIN1 gene has been recently
implicated with modulating tau pathology (Chapuis et al., 2013), while BIN1 has also been
associated with entorhinal and temporal pole cortex thickness (Biffi et al., 2012).

Anatomical differences were mainly found in hippocampal and entorhinal cortex, where the
first group was characterized by significantly more atrophy. The anatomical differences
between the subgroups may be explained by the genetic variations. APOE &4 has been
related to increased atrophy in hippocampus (Hashimoto et al., 2001; Honea et al., 2009),
entorhinal (Juottonen et al., 1998) and medial frontal cortex (Fennema-Notestine et al.,
2011). Given that, the first subgroup is expected to exhibit more atrophy in these areas.

The two groups were characterized by differences in the distribution of the CSF biomarkers.
This difference was more significant for the CSF A, which was significantly reduced in the
first group. This difference may also be attributed to the effect of APOE &4, which has been
previously associated with reduced levels of CSF Agand t-tau(Prince et al., 2004,
Sunderland et al., 2004).

While the dominant presence of APOE &4 in the first subgroup provides the means to
interpret the anatomical and CSF biomarker differences between the two subgroups, the
relatively higher expression of the SNPs related to CR1 and BIN1 genes in the second
subgroup (where APOE &4 allele is less expressed) may be an indication that these genes
may be part of an alternative pathway for AD pathogenesis in the absence of APOE &4
expression. The atrophy exhibited by the second subgroup in the entorhinal cortex seen in
Fig. 8B) may be a product of CR1 expression since APOE &4 is largely absent in this
subgroup. While this hypothesis remains to be validated, this underlines the value of data-
driven, multivariate, exploratory techniques in forming new hypotheses.

Limitations and future work

There are some limitations to this work. First, the lack of ground truth for the clinical
datasets does not allow us to quantitatively validate the proposed method. However, on the
one hand, when AD patients were clustered based on imaging information, the identified
patterns of abnormality aligned well with findings based on neuropathology reported in
(Murray et al., 2011) and the subtypes defined based on cortical thickness in (Noh et al.,
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2014). Moreover, the anatomically defined subgroups also exhibited genetic differences,
which provides additional evidence for the validity of the obtained clustering. On the other
hand, when clustering based on genetic information, we identified subpopulations that
exhibited meaningful anatomical differences. In summary, our results were consistent with
the existing picture of pathological neurodegeneration and the function of the related SNPs.

Nevertheless, the sample size that is necessary for drawing reliable conclusions about the
full extent of heterogeneity of AD may be higher than what was analyzed. In general, we
were able to demonstrate the presence of heterogeneity in AD given the ADNI dataset.
However, to be able to elucidate disease heterogeneity and map the distinct pathological
processes that drive it, a wider sampling of the patient population probed in a multi-
parametric fashion may be required.

Another limitation of this work is that the diseased population was studied by using either
structural imaging data or genetic information. While this demonstrates the ability of the
proposed framework to handle both imaging and non-imaging data, including additional
information (e.g., amyloid PET imaging, tau imaging, cerebrospinal fluid biomarkers, etc)
would beneficial in better characterizing the dimensions and extent of heterogeneity.
Nonetheless, HYDRA can not currently handle multiple sources of information. This could
be made possible by extending HYDRA through the adoption of multiple kernel techniques
(Bach et al., 2004). Different kernels could be employed to encode different sources of
information, allowing for their seamless integration. This extension could make HYDRA
even more general, allowing its application to other exploratory problems, such as
characterization of the breast cancer heterogeneity and the analysis of abnormal tissue
subtypes, without being limited to the clustering of brain images.

We should note that the estimation of the subpopulations may be influenced by confounding
variations due to age and sex differences. In its current form, our method does not explicitly
take into account this case. Instead, we circumvent this by performing univariate covariate
correction prior to feeding the data to our method. In order to tackle this shortcoming, we
are currently working on extending the proposed method by explicitly modelling the effect
of covariates within a unified clustering framework. However, the effect of the covariates
also renders prohibitive the usage of the classification model to interpret the weight vectors
of the hyperplanes (as explained in (Haufe et al., 2014)). We circumvent this by performing
voxel-wise group analysis between the inferred patient clusters. However, the interpretation
of the group comparison results should be made with care since the significance of the
comparison may be biased due to the sample splitting. The voxel-based comparisons should
serve only as a qualitative tool and not as a quantitative one. Furthermore, to avoid the
circularity of assessing group differences using the same features that the groups are
clustered by, we have assessed group differences using features that have not been used in
the clustering. Namely, we have assessed the genetic and demographic differences between
the anatomic subtypes of AD and the anatomic and demographic differences between the
genetic subtypes of AD.

A possible extension of our method is towards handling regression and longitudinal studies.
This could allow us to elucidate the complex nature of spatiotemporal disease dynamics as
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well as to reveal varying paths of normal progression. Lastly, it is straightforward to derive a
one-class version of HYDRA, analogous to the work of (Sato et al., 2009), to detect and
subtype outliers among controls. This could potentially shed light on the heterogenous
nature of healthy phenotypes.

6. Conclusion

HYDRA aims to separate two groups by deriving a non-linear classification boundary that is
constructed by using multiple linear hyperplanes. The constructed polytope allows for the
revealing heterogeneity by assigning subgroups of patients to different hyperplanes.
HYDRA is general; it can handle imaging and non-imaging data and can find applications in
exploratory analyses other than clustering of brain images. We evaluated the performance of
the method in simulated data, providing insight into its workings. Furthermore, we applied
HYDRA to structural imaging and genetic dataset from ADNI, revealing disease subtypes
that are consistent with the existing picture of pathological neurodegeneration and the
function of the related SNPs. These results demonstrates the potential of our approach in
teasing out heterogeneity.
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Appendix A. Optimization

Similar to other clustering methods, HYDRA algorithm requires an initialization step
followed by iterations of assignment and convex polytope solutions. To make the clustering
robust, we further find the consensus of the clustering results obtained in multiple runs of
HYDRA. Here we detail the techniques used for each of these steps. Initialization is found
in Appendix A.1, assignment step is found in Appendix A.2, convex polytope solution is in
Appendix A.3 and consensus is found in Appendix A.4.

As mentioned in the main text, HYDRA is geometrically asymmetric, requiring one of the
groups to lie inside the polytope. We provide the solution for the symmetric version of
HYDRA in 2.4.

Lastly, HYDRA can be solved in the dual domain if sample size is relatively lower than the
dimensionality. The dual solution is in Appendix B.1.

Appendix A.1. Initialization

Due to the non-convex nature of the maximum margin polytope problem, the initialization is
crucial in directing the iterative algorithm towards favorable solutions. Since we are
interested in elucidating discriminative patterns between controls and patients, simply
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initializing by clustering the patients may not be sufficient. This is because standard
clustering may group patients by following global patterns, such as the brain volume, or
even more subtle patterns that nonetheless reflect normal inter-individual variability and not
variability in the disease process. On the contrary, patients should be assigned to initial
clusters by considering their difference map with respect to controls. In other words, since
we aim to explore different directions of deviation from normal anatomy without concern for
magnitude of that deviation, we initially group patients into clusters based on the regions in
which they differ from the controls and not the magnitude of their difference. To achieve
this, we initialize the assignments of patients into clusters by sampling K unit length
hyperplanes obtained by considering the space of all pairwise differences between patients
and controls. We choose K unique hyperplanes by applying Determinental Point Processes
(DPP) (Kulesza and Taskar, 2012). DPP is a sampling technique that aims to obtain samples
that are as diverse as possible. This type of sampling ensures that the differences we sample
reflect unique biomarkers instead of repeated biomarkers with varying magnitudes. This is
crucial in preventing clustering patients into groups that are not related to variability in the
disease process. The steps of the initialization algorithm are given in Algorithm 2.

Algorithm 2 — Initialization — Determinental Point Processes

Input: X € R™4 y € {-1, +1}” (training signals), K (number of clusters), 77 (number of hyperplanes samples to draw)

— n~ XK
Output: S™ e [07 1] (Initial Clustering Assignment)

_ + }WL
X. A
« Randomly draw m pairs of negative (x~) and positive (x*) samples (with replacement): { v Jim
« Obtain Thyperplanes bZLtaking the difference between members of the same pair:
w=(x; —x;)/lIx; —x; |,
K
{wi} {u;}™ _ .
« Sample K hyperplanes 72 j=1from W4 J ;=1 by Determinental Point Processes (Kulesza and Taskar, 2012)

s =1
i,argmin; w X,

ol i
« Set rows of S~ such that 775 T , Otherwise set s;;=0

Appendix A.2. Assignment Step Solution

For {W, b} fixed, the problem of estimating S~ is an assignment problem that can be cast as
a linear program (LP). The LP problem has infinite solutions when the loss function

max{0, 1+wJTxi+bj} is equal to O for multiple classifiers jand for the same sample /. In
this case, we choose the solution that is proportional to the margin:

0 if max {0, 1+W]TXi+bj}>O
si5={ 1+wTx;+b;
2'7(1+W']Txi+bj)1(max{0, 1+WJTxi+bj} <0)

otherwise

(A1)

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



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Varol et al.

Page 25

where 1(:) is the indicator function. Let us note here that the obtained clustering is inherently
different from the result that is obtained by standard clustering techniques. Instead of
grouping together samples based on the similarity of their appearance, we aggregate here
samples that are best separated by the same classifier. Thus, the inferred clustering is driven
by discrimination. The more pronounced the pathology is, the easier it is to disentangle the
underlying heterogeneity in the imaging profiles.

Appendix A.3. Convex Polytope Solution

For S~ fixed, the solution to {W, b} can be obtained using K calls to a modified version of
LIBSVM (Chang and Lin, 2011)8 that allows for adaptive sample weightings. The adaptive
weight ¢; jof sample /for the classifier /is calculated as:

o CS{,,]' ify7;=—1
S ify=+1 A2)

In case the dataset is highly unbalanced (/.e., one of the classes is over represented) samples
in each class can be further weighted by their inverse relative proportion within the training
set.

Appendix A.4. Consensus Solution

While DPP initialization serves as the first step in avoiding poor locally optimal solutions,
consensus clustering serves as the second layer to eliminate unstable clusterings that may
arise due to the non-convexity of the objective function. In noisy, or high dimensional data,
the clustering obtained via Algorithm 1 may depend greatly on the initialization. To decrease
this dependency and obtain stable clustering results that characterize the disease
heterogeneity, we opt for a multi-initialization strategy, endowed by a fusion step. First,
multiple runs of Algorithm 1 result in a number of clustering hypotheses. Then, we aim to
fuse the respective hypotheses by harnessing the wisdom of the crowd to obtain an aggregate
clustering. Consensus is achieved by grouping together samples that co-occur (/.e., they are
assigned to the same clustering) across different clustering hypotheses. In practice, we first
compute a co-occurrence matrix of the subjects based on each clustering result and then
perform spectral clustering using it.

Appendix A.4.1. Co-occurrence Matrix

Given Pclusterings {S™” }521 obtained by running Algorithm 1 Ptimes, the co-occurence
matrix A is given by:

8http://www.csie.ntu.edu.tw/—cjIin/Iibsvmtools/vveights/
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P K
ALZZZZS?JS{J- i,l=1...n,i#1
p=1j=1
Ai,l:() i=1...n (AS)

In other words, each 7kth entry of the matrix enumerates the number of cases that the /th
and /th sample were assigned to the same cluster.

Appendix A.4.2. Spectral Clustering

The consensus clustering involves the calculation of the Laplacian matrix from the co-
occurrence matrix A and the computation of the K eigenvectors ([v1 ... V4]) that correspond
to the K'smallest eigenvalues (11 < ... < Ag). Then, the aggregate clustering of subjects is
obtained by running K-means in the obtained subspace. The implementation of consensus
clustering is outlined in Algorithm 3. It should be noted that the consensus clustering
presented herein is analogous to spectral clustering (Ng et al., 2002).

Algorithm 3 — Consensus Clustering

_ P
{s7elo" "},

Input: (Pclusterings from Algorithm 1), K (number of clusters)

— n-xXK
Output: S™ e [O, 1] (Final Clustering Assignment)
» Compute co-occurrence matrix A using Eq. A.3

« Spectral clustering on A:

L=diag ( ;;A“) A

« Compute Laplacian matrix
« Compute the K eigenvectors (v, ..., V) that correspond to K smallest eigenvalues of L (1 < ... £ Ax)

¢ S™ <« K-means([v; ... V)

Appendix B. Dual Optimization

Due to the high dimensional, low sample size nature of neuroimaging data, it would be
useful to operate in the dual domain to ease the computational burden. The dual formulation
of HYDRA can be obtained by converting Eq. 1 to:

K n

1 K n n
maximize Y > i =53 > > 005y X

{ai’j}jzlw;szliil j=li=1l=1

subject to
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n

Zam-yi:() jzl, e ,K

i=j
C/K > a;; >0 ify;=—1 j=1,... K
Csij > a;; >0 ify;=+1 j=1,..., K

The advantages of this formulation are two-fold. First, it allows us to solve for only nx K

.....

; instead of K'x dvariables, which may be prohibitively large. Second,

via the kernel trick, we may substitute xiij with any kernel satisfying the Mercer condition.
In terms of implementation, this formulation is readily adaptable to the weighted LIBSVM
(Chang and Lin, 2011) implementation. Similar to the case of the primal problem, the
weights are given by Eq. A.2.

This formulation does not affect the assignment step solution since the assignment step
requires only the prediction score for each subject corresponding to the K hyperplanes.

Since the hyperplanes are defined as WFZ::lyzai,in, the prediction score for each
hyperplane wy can be simply calculated as:

n
T, _ T
Wj xleyiai’jxi X1
=1

which can be readily obtained from the Gram matrix that stores the inner products between
data points. Furthermore, the bias terms b;can be solved in the dual by:

n
T
b=y — Y i jyiX; X
=1

using any labeled sample (x y) such that C> a ;> 0. The solutions for {a;; &} can be
directly used in Equation A.1 to solve for the assignments S™. In addition, the prediction for
the dual version of HYDRA is:

n

y*=sign <min2yiaiﬁjxfx*+bj>

j -
i=1

Appendix B.1. Dual Symmetric Prediction

In the case of the symmetric version of the algorithm, the final prediction can be obtained as:

n
y*=sign {(min E yiafjxfx*+bj>
G 4 ,
=1

n
_ <1n111§ yial-_jx;fpx*erj_)
G .
=1
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Appendix C. List of Genetics Features Used

The SNPs used as features is given in table C.5. Two features were extracted from each
subject for each SNP: the presence of the major-major and the major-minor alleles. Minor
allele frequency (MAF) column in table C.5 denotes the likelihood of observing the rare
minor allele in the population.

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



Page 29

Varol et al.

€00 andvd | soTozswy 2z | esertomssi | 000 | tawso | estesoe 8 | 619099eL8!
10 oNoL |  zi6vsee 0z | ovozeves: | s00 | TmoaH | orzuseey 1| eeteLTLTS!
p0'0 | 9s606€007 | 96s0erTS 67 | ssssvzsi | €00 SOAD | zogToTsz 1| szstosTs:
500 esvod | oevzezes i1 | veszeszisi | w00 | eTNwdSL | eeTTT8OT 1| TostLoELs)
o0 | oTwNOwD | zsozeesy i1 | vozvessts | €00 amza | TeslozoT 1| osvosesss:
80'0 ads | ecsoessy 11| zoewesvsi | w00 | TOHMId | oeszotTsT 9 | soseszass:
900 [ oriddw | zzesossy i1 | oetosozosi | eoo | az3ad | sessszoer 9| ezveves:
00 | r1daso | viessssy i1 | eotosozosi | €00 | eNIwHIN | Lzzezever 9 | sTe08LLTTS!
£0'0 TIIVA | e9s9u822 or | ovsvesest | €00 | oedvs | ootzesest s | eoscazsyTs!
s00 | o9szsrrd | esssiove or | voosvossi | o0 | oeggerd | zoezseser s | sveeLsovTs)
100 odiT | 6e90€eL8s ot | eectoestsi | oo | 01493 | osveziozT s | ToeyseEvTS)
00 | ecouavo | wrezTiiz or | vseooovssi | voo | TIxwa | ztserett s | sotsveorTs!
€00 NWTO | v9sv9256 v | 9sveotstisi | eoo | vymwo | zstetsor s | sssoe9sss)
90'0 9TOAN | 9v6ELPBOT er | vveeoestsi | €00 | Tdswvod | ezoTzzeor s | veovezzris)
£0'0 90do | 8s8S6ES er | Tessszertsi | €00 | TveNvm | zeTTTeor s | seTe89ETTS!
$0'0 yONV | eezrzzTor a1 | eevesersi | 00 144v | vovTeess y | segopess
$0'0 aavad | soTsezy6 zr | eosvpriosi | voo | azesils | estuezs v | evesvosLss
£0'0 8vr01s | oozsiets 21 | strsvesysi | €00 3Hog | eTesrsoT e | sozsoges:
110 | ozdvonyv | eszesvort 11 9v69zEs! 1o | exooa | szoseots e | rzisseess
500 TVNSd | 0zzossyt 11 | svszotvest | €00 dgon | srzeTsee e|  so8sess
90'0 zsvay | eozsesrt 11 | eoeessrost | 900 2SI | 297T96€82T 2| zoszeoszs:
500 INOdS | oveveeyt 11 | ectezortsi | w00 | zvnNNLD | esTi8208 2| zoeseLons
p00 | vIoadvdd | esverzeet ot | strevostsi | 200 N4 | zsoso9ovz 1| TETR0ZTS!
0 TSON | z616862€T 6| veosesys: | voo | ozouud | oosssstsT 1| etzves
YN 5 w9 | uomsod, _ 140 _ dNSe _ VN _ w9 | uomsod, _ 140 _ dNSp
T7T02) "I 12 BAJBUS UT PAIUBPI SUI[o3p SATIUBOS UTIM PATRIa0ssE SINS
VoA AH BUISh BULIBISN|O/UOITEINISSE]D A SA [0J41U0D) 10} Pash Sainies) oiauas)

GO 9lqeL

*QV 10 sadAlgns J8A02SIP pUe S|0U0D WO} QW ALISSE|d 01 VHAAH Ul Pasn sainyes) 211auas)

Author manuscript; available in PMC 2018 January 15.

roimage.

Neu,

Author Manuscript

Author Manuscript

Author Manuscript

Author Manuscript



Page 30

Varol et al.

‘aseqerep dNSAp 8yl Ui swousb uewiny syl Jo /€ pjIng ‘6T 8sesfal Ul uoneao| dred aseq sajeslpul — UoIISod

4

‘Aouanbauy aj9||e Joutw — “_<_>_m

‘dNS dol a1 JO g3 QOTF Paredo| sauas) — auas)

<

‘aseqerep dNSAp 8yl Ui swouab uewiny 8yl Jo GET PJING ‘6T 8ses|al Ul uoieso| Jied aseq se1ealpul — Uonisod

Q

‘3WOSOWOIYD — “IYD

Q

wsiydiowAjod apnoajonu ajbuis — n_me

:SUOIRINBIGOY

€800 ¥SSVO 09¢810SS 0¢ 18Gv.Lc/S1 | 9TE0 74130 T/8.SSLY TT | S¢/8€80Tsd
¢6€L0°0 30dVv ¢C88061Y 6T ¢Ty/Si | 8S€°0 | WIVOId G/819898 TT | ¢€8¢6.0Tsd
451490 30dV 78980611 6T 8GE6CYSI | 6.€°0 n1o 989/9v.¢ 8 968TEE6S!
6T°0 Lv08av EYreE90T 6T 6¢6LYTYSI | 99€°0 aei1d TC1S6T.LC 8 | 0.6¥€88¢sd
L0€E0 €€A0 ¢96.2.1S 6T YPySo8ESI | 8EE0 TVHd3 | 29.0TTEVT L | SYTTLLTTSI
2600 ¢LlNY34 6¢900vES YT | v¥6SCTLTS! | 99¢°0 dvedd ¢9L.8vLy 9 | €9€8¥60TSd
L12°0 | ENIY - ¥V¥ed1S ¢569¢6¢6 T | €€986¥0TS! | 607'0 TNIG | 0T8¢68.LC1 4 6E8EELISI
€070 VIVYSIN 805EC66S 11 C6EEBBSI | 88Y°0 ASddNI | 9.v890¥€C ¢ | 6996¥€ESESI
6€0°0 TT40S | /89SevTet TT | €VEBICTTSI | L6T0 TYO | 6¥02¢69.0¢ T TO0¥9599s4
dVIN g _ U89 p _ uomnisod _ U0 _ dNSe _ dVIN _ U9 _ uonisod _ 44D q _ dNSe

{€T02) "T& 38 1JaqUWE"] Ul POIIUBPI QY U3IM PAIEIJ0SSE SANS

References

Ashburner J. Computational anatomy with the SPM software. Magnetic resonance imaging. 2009;

27:1163-74. [PubMed: 19249168]
Ashburner J, Friston KJ. Voxel-based morphometry-the methods. Neuroimage. 2000; 11:805-821.

[PubMed: 10860804]
Ashburner J, Hutton C, Frackowiak R, Johnsrude I, Price C, Friston K. Identifying global anatomical

differences: deformation-based morphometry. Human Brain Mapping. 1998; 6:348-57. [PubMed:
9788071]

Bach FR, Lanckriet GR, Jordan MI. Multiple Kernel Learning and the SMO Algorithm. International
statistical analysis of gray matter and white matter in temporal lobe epilepsy. Neurolmage. 2004;

Pacific Symposium on Biocomputing. 2002:6-17. [PubMed: 11928511]
23:717-23. [PubMed: 15488421]

Bernasconi N, Duchesne S, Janke A, Lerch J, Collins DL, Bernasconi a. Whole-brain voxel-based

Conference on Machine Learning. 2004:6.
Ben-Hur A, Elisseeff A, Guyon I. A stability based method for discovering structure in clustered data.

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

Author Manuscript

Author Manuscript

Author Manuscript

Author Manuscript



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Varol et al.

Page 31

Biffi A, Shulman J, Jagiella J, Cortellini L, Ayres A, Schwab K, Brown D, Silliman S, Selim M,
Worrall B, et al. Genetic variation at crl increases risk of cerebral amyloid angiopathy. Neurology.
2012; 78:334-341. [PubMed: 22262751]

Bradley AP. The use of the area under the roc curve in the evaluation of machine learning algorithms.
Pattern recognition. 1997; 30:1145-1159.

Bralten J, Franke B, Arias-Vasquez A, Heister A, Brunner HG, Fernandez G, Rijpkema M. Crl
genotype is associated with entorhinal cortex volume in young healthy adults. Neurobiology of
aging. 2011; 32:2106—€7.

Buchanan RW, Carpenter WT. Domains of psychopathology: an approach to the reduction of
heterogeneity in schizophrenia. The Journal of nervous and mental disease. 1994; 182:193-204.
[PubMed: 10678315]

Chang CC, Lin CJ. Libsvm: A library for support vector machines. ACM Transactions on Intelligent
Systems and Technology (TIST). 2011; 2:27.

Chapuis J, Hansmannel F, Gistelinck M, Mounier A, Van Cauwenberghe C, Kolen K, Geller F,
Sottejeau Y, Harold D, Dourlen P, et al. Increased expression of binl mediates alzheimer genetic
risk by modulating tau pathology. Molecular psychiatry. 2013; 18:1225-1234. [PubMed:
23399914]

Chung MK, Worsley KJ, Paus T, Cherif C, Collins DL, Giedd JN, Rapoport JL, Evans aC. A unified
statistical approach to deformation-based morphometry. Neurolmage. 2001; 14:595-606.
[PubMed: 11506533]

Chung MK, Worsley KJ, Robbins S, Paus T, Taylor J, Giedd JN, Rapoport JL, Evans AC.
Deformation-based surface morphometry applied to gray matter deformation. Neurolmage. 2003;
18:198-213. [PubMed: 12595176]

Cuingnet R, Gerardin E, Tessieras J, Auzias G, Lehéricy S, Habert MO, Chupin M, Benali H, Colliot
O, Initiative ADN, et al. Automatic classification of patients with alzheimer’s disease from
structural mri: a comparison of ten methods using the adni database. neuroimage. 2011; 56:766—
781. [PubMed: 20542124]

Davatzikos C, Fan Y, Wu X, Shen D, Resnick SM. Detection of prodromal Alzheimer’s disease via
pattern classification of magnetic resonance imaging. Neurobiology of Aging. 2008; 29:514-523.
[PubMed: 17174012]

Davatzikos C, Genc A, Xu D, Resnick SM. Voxel-based morphometry using the RAVENS maps:
methods and validation using simulated longitudinal atrophy. Neurolmage. 2001; 14:1361-1369.
[PubMed: 11707092]

Doshi J, Erus G, Ou Y, Gaonkar B, Davatzikos C. Multi-atlas skull-stripping. Academic radiology.
2013; 20:1566-1576. [PubMed: 24200484]

Doshi J, Erus G, Ou Y, Resnick SM, Gur RC, Gur RE, Satterthwaite TD, Furth S, Davatzikos C. Muse:
Multi-atlas region segmentation utilizing ensembles of registration algorithms and parameters, and
locally optimal atlas selection. Neurolmage. 2015

Duchesne S, Caroli A, Geroldi C, Barillot C, Frisoni GB, Collins DL. MRI-based automated computer
classification of probable AD versus normal controls. IEEE transactions on medical imaging.
2008; 27:509-20. [PubMed: 18390347]

Dukart J, Schroeter ML, Mueller K, Initiative ADN, et al. Age correction in dementia—matching to a
healthy brain. PloS one. 2011; 6:e22193. [PubMed: 21829449]

Dustin ML, Olszowy MW, Holdorf AD, Li J, Bromley S, Desai N, Widder P, Rosenberger F, van der
Merwe P, Allen PM, Shaw AS. A Novel Adaptor Protein Orchestrates Receptor Patterning and
Cytoskeletal Polarity in T-Cell Contacts. Cell. 1998; 94:667-677. [PubMed: 9741631]

Ecker C, Marquand A, Mourdo Miranda J, Johnston P, Daly EM, Brammer MJ, Maltezos S, Murphy
CM, Robertson D, Williams SC, Murphy DGM. Describing the brain in autism in five
dimensions—magnetic resonance imaging-assisted diagnosis of autism spectrum disorder using a
multipa-rameter classification approach. The Journal of Neuroscience. 2010; 30:10612-10623.
[PubMed: 20702694]

Fennema-Notestine C, Panizzon MS, Thompson WR, Chen CH, Eyler LT, Fischl B, Franz CE, Grant
MD, Jak AJ, Jernigan TL, et al. Presence of apoe #4 allele associated with thinner frontal cortex in
middle age. Journal of Alzheimer’s Disease. 2011; 26:49.

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



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Varol et al.

Page 32

Filipovych R, Resnick SM, Davatzikos C. Jointmmcc: Joint maximum-margin classification and
clustering of imaging data. Medical Imaging, IEEE Transactions on. 2012; 31:1124-1140.

Folstein MF, Folstein SE, McHugh PR. “minimental state”: a practical method for grading the
cognitive state of patients for the clinician. Journal of psychiatric research. 1975; 12:189-198.
[PubMed: 1202204]

Fox NC, Crum WR, Scahill RI, Stevens JM, Jenssen JC, Rossor MN. Imaging of onset and progression
of Alzheimer’s disease with voxel-compression mapping of serial magnetic resonance images. The
Lancet. 2001; 358:201-5.

Fu Z, Robles-Kelly A, Zhou J. Mixing linear svms for nonlinear classification. Neural Networks, IEEE
Transactions on. 2010; 21:1963-1975.

Geschwind DH, Levitt P. Autism spectrum disorders: developmental disconnection syndromes.
Current opinion in neurobiology. 2007; 17:103-11. [PubMed: 17275283]

Giuliani NR, Calhoun VD, Pearlson GD, Francis A, Buchanan RW. Voxel-based morphometry versus
region of interest: A comparison of two methods for analyzing gray matter differences in
schizophrenia. Schizophrenia Research. 2005; 74:135-147. [PubMed: 15721994]

Goldszal AF, Davatzikos C, Pham DL, Yan MX, Bryan RN, Resnick SM. An image-processing system
for qualitative and quantitative volumetric analysis of brain images. Journal of Computer Assisted
Tomography. 1998; 22:827-837. [PubMed: 9754125]

Graham JM, Sagar HJ. A data-driven approach to the study of heterogeneity in idiopathic parkinson’s
disease: identification of three distinct subtypes. Movement Disorders. 1999; 14:10-20. [PubMed:
9918339]

Gu Q, Han J. Clustered support vector machines. Proceedings of the Sixteenth International
Conference on Atrtificial Intelligence and Statistics. 2013:307-315.

Hashimoto M, Yasuda M, Tanimukai S, Matsui M, Hirono N, Kazui H, Mori E. Apolipoprotein e &4
and the pattern of regional brain atrophy in alzheimer’s disease. Neurology. 2001; 57:1461-1466.
[PubMed: 11673590]

Haufe S, Meinecke F, Gorgen K, Dahne S, Haynes JD, Blankertz B, Bieimann F. On the interpretation
of weight vectors of linear models in multivariate neuroimaging. Neuroimage. 2014; 87:96-110.
[PubMed: 24239590]

Hinrichs C, Singh V, Xu G, Johnson SC. Predictive markers for AD in a multi-modality framework: an
analysis of MCI progression in the ADNI population. Neurolmage. 2011; 55:574-89. [PubMed:
21146621]

Honea RA, Vidoni E, Harsha A, Burns JM. Impact of apoe on the healthy aging brain: a voxel-based
mri and dti study. Journal of Alzheimer’s disease: JAD. 2009; 18:553. [PubMed: 19584447]

Huang C, Wahlund LO, Almkvist O, Elehu D, Svensson L, Jonsson T, Winblad B, Julin P. Voxel- and
VOlI-based analysis of SPECT CBF in relation to clinical and psychological heterogeneity of mild
cognitive impairment. Neurolmage. 2003; 19:1137-1144. [PubMed: 12880839]

Hubert L, Arabie P. Comparing partitions. Journal of classification. 1985; 2:193-218.

Jeste SS, Geschwind DH. Disentangling the heterogeneity of autism spectrum disorder through genetic
findings. Nature reviews. Neurology. 2014; 10:74-81. [PubMed: 24468882]

Job DE, Whalley HC, Johnstone EC, Lawrie SM. Grey matter changes over time in high risk subjects
developing schizophrenia. Neurolmage. 2005; 25:1023-1030. [PubMed: 15850721]

Job DE, Whalley HC, McConnell S, Glabus M, Johnstone EC, Lawrie SM. Structural gray matter
differences between first-episode schizophrenics and normal controls using voxel-based
morphometry. Neurolmage. 2002; 17:880-889. [PubMed: 12377162]

Juottonen K, Lehtovirta M, Helisalmi S, Riekkinen P Sr, Soininen H. Major decrease in the volume of
the entorhinal cortex in patients with alzheimer’s disease carrying the apolipoprotein e &4 allele.
Journal of Neurology, Neurosurgery & Psychiatry. 1998; 65:322-327.

Kabani NJ, MacDonald DJ, Holmes CJ, Evans AC. 3D anatomical atlas of the human brain.
Neurolmage. 1998; 7:S717.

Kantchelian A, Tschantz MC, Huang L, Bartlett PL, Joseph AD, Tygar J. Large-margin convex
polytope machine. Advances in Neural Information Processing Systems. 2014:3248-3256.

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



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Varol et al.

Page 33

Kldppel S, Stonnington CM, Chu C, Draganski B, Scahill RI, Rohrer JD, Fox NC, Jack CR, Ashburner
J, Frackowiak RSJ. Automatic classification of MR scans in Alzheimer’s disease. Brain. 2008;
131:681-689. [PubMed: 18202106]

Koutsouleris N, Gaser C, Jager M, Bottlender R, Frodl T, Holzinger S, Schmitt GJE, Zetzsche T,
Burgermeister B, Scheuerecker J, Born C, Reiser M, Moller HJ, Meisenzahl EM. Structural
correlates of psychopathological symptom dimensions in schizophrenia: a voxel-based
morphometric study. Neurolmage. 2008; 39:1600-12. [PubMed: 18054834]

Kubicki M, Shenton ME, Salisbury DF, Hirayasu Y, Kasai K, Kikinis R, Jolesz FA, McCarley RW.
Voxel-based morphometric analysis of gray matter in first episode schizophrenia. Neurolmage.
2002; 17:1711-1719. [PubMed: 12498745]

Kulesza A, Taskar B. Determinantal point processes for machine learning. arXiv preprint. 2012;
arXiv1207:6083.

Lambert JC, Ibrahim-Verbaas CA, Harold D, Naj AC, Sims R, Bellenguez C, Jun G, DeStefano AL,
Bis JC, Beecham GW, et al. Meta-analysis of 74,046 individuals identifies 11 new susceptibility
loci for alzheimer’s disease. Nature genetics. 2013; 45:1452-1458. [PubMed: 24162737]

Lange T, Roth V, Braun ML, Buhmann JM. Stability-based validation of clustering solutions. Neural
computation. 2004; 16:1299-1323. [PubMed: 15130251]

Lewis SJG, Foltynie T, Blackwell AD, Robbins TW, Owen AM, Barker RA. Heterogeneity of
Parkinson’s disease in the early clinical stages using a data driven approach. Journal of neurology,
neurosurgery, and psychiatry. 2005; 76:343-8.

Li C, Gore JC, Davatzikos C. Multiplicative intrinsic component optimization (mico) for mri bias field
estimation and tissue segmentation. Magnetic resonance imaging. 2014; 32:913-923. [PubMed:
24928302]

Lloyd SP. Least squares quantization in pcm. Information Theory, IEEE Transactions on. 1982;
28:129-137.

McEvoy LK, Fennema-Notestine C, Roddey JC, Hagler DJ, Holland D, Karow DS, Pung CJ, Brewer
JB, Dale AM. Alzheimer Disease: Quantitative Structural Neuroimaging for Detection and
Prediction of Clinical and Structural Changes in Mild Cognitive Impairment. Radiology. 2009;
251:195-205. [PubMed: 19201945]

Meda SA, Giuliani NR, Calhoun VD, Jagannathan K, Schretlen DJ, Pulver A, Cascella N, Keshavan
M, Kates W, Buchanan R, Sharma T, Pearlson GD. A large scale (N = 400) investigation of gray
matter differences in schizophrenia using optimized voxel-based morphometry. Schizophrenia
Research. 2008; 101:95-105. [PubMed: 18378428]

Mourdo Miranda J, Bokde ALW, Born C, Hampel H, Stetter M. Classifying brain states and
determining the discriminating activation patterns: Support Vector Machine on functional MRI
data. Neurolmage. 2005; 28:980-95. [PubMed: 16275139]

Murray ME, Graff-Radford NR, Ross Oa, Petersen RC, Duara R, Dickson DW. Neuropathologically
defined subtypes of Alzheimer’s disease with distinct clinical characteristics: a retrospective study.
The Lancet. Neurology. 2011; 10:785-96. [PubMed: 21802369]

Naj AC, Jun G, Beecham GW, Wang LS, Vardarajan BN, Buros J, Gallins PJ, Buxbaum JD, Jarvik GP,
Crane PK, et al. Common variants at ms4a4/ms4a6e, cd2ap, cd33 and ephal are associated with
late-onset alzheimer’s disease. Nature genetics. 2011; 43:436—441. [PubMed: 21460841]

Nenadic I, Sauer H, Gaser C. Distinct pattern of brain structural deficits in subsyndromes of
schizophrenia delineated by psychopathology. Neurolmage. 2010; 49:1153-60. [PubMed:
19833216]

Ng AY, Jordan MI, Weiss Y, et al. On spectral clustering: Analysis and an algorithm. Advances in
neural information processing systems. 2002; 2:849-856.

Noh'Y, Jeon S, Lee JM, Seo SW, Kim GH, Cho H, Ye BS, Yoon CW, Kim HJ, Chin J, et al.
Anatomical heterogeneity of alzheimer disease based on cortical thickness on mris. Neurology.
2014; 83:1936-1944. [PubMed: 25344382]

Osadchy M, Hazan T, Keren D. K-hyperplane hinge-minimax classifier. Proceedings of the 32nd
International Conference on Machine Learning (ICML-15). 2015:1558-1566.

Ou'Y, Sotiras A, Paragios N, Davatzikos C. Dramms: Deformable registration via attribute matching
and mutual-saliency weighting. Medical image analysis. 2011; 15:622-639. [PubMed: 20688559]

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



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Varol et al.

Page 34

Payami H, Zareparsi S, Montee KR, Sexton GJ, Kaye JA, Bird TD, Yu CE, Wijsman EM, Heston LL,
Litt M, Schellenberg GD. Gender difference in apolipoprotein E-associated risk for familial
Alzheimer disease: a possible clue to the higher incidence of Alzheimer disease in women.
American journal of human genetics. 1996; 58:803-811. [PubMed: 8644745]

Prince J, Zetterberg H, Andreasen N, Marcusson J, Blennow K. APOE epsilon4 allele is associated
with reduced cerebrospinal fluid levels of Abeta42. Neurology. 2004; 62:2116-2118. [PubMed:
15184629]

Sabuncu MR, Balci SK, Shenton ME, Golland P. Image-driven population analysis through mixture
modeling. Medical Imaging, IEEE Transactions on. 2009; 28:1473-1487.

Sato JR, da Graca Morais Martin M, Fujita A, Mourdo-Miranda J, Brammer MJ, Amaro E. An fmri
normative database for connectivity networks using one-class support vector machines. Human
brain mapping. 2009; 30:1068-1076. [PubMed: 18412113]

Saykin AJ, Shen L, Foroud TM, Potkin SG, Swaminathan S, Kim S, Risacher SL, Nho K, Huentelman
MJ, Craig DW, Thompson PM, Stein JL, Moore JH, Farrer La, Green RC, Bertram L, Jack CR,
Weiner MW. Alzheimer’s Disease Neuroimaging Initiative biomarkers as quantitative phenotypes:
Genetics core aims, progress, and plans. Alzheimer’s and Dementia. 2010; 6:265-273.

Sherva R, Tripodis Y, Bennett DA, Chibnik LB, Crane PK, de Jager PL, Farrer LA, Saykin AJ,
Shulman JM, Naj A, et al. Genome-wide association study of the rate of cognitive decline in
alzheimer’s disease. Alzheimer’s & Dementia. 2014; 10:45-52.

Sled JG, Zijdenbos AP, Evans AC. A nonparametric method for automatic correction of intensity
nonuniformity in mri data. Medical Imaging, IEEE Transactions on. 1998; 17:87-97.

Studholme C, Cardenas V, Blumenfeld R, Schuff N, Rosen HJ, Miller B, Weiner M. Deformation
tensor morphometry of semantic dementia with quantitative validation. Neurolmage. 2004;
21:1387-98. [PubMed: 15050564]

Sunderland T, Mirza N, Putnam KT, Linker G, Bhupali D, Durham R, Soares H, Kimmel L, Friedman
D, Bergeson J, Csako G, Levy JA, Bartko JJ, Cohen RM. Cerebrospinal fluid beta-amyloid1-42
and tau in control subjects at risk for Alzheimer’s disease: the effect of APOE epsilon4 allele.
Biological psychiatry. 2004; 56:670-6. [PubMed: 15522251]

Takécs, G. Ph.D. thesis. Citeseer; 2009. Convex polyhedron learning and its applications.

Treusch S, Hamamichi S, Goodman JL, Matlack KES, Chung CY, Baru V, Shulman JM, Parrado A,
Bevis BJ, Valastyan JS, Han H, Lindhagen-Persson M, Reiman EM, Evans Da, Bennett Da,
Olofsson A, Delager PL, Tanzi RE, Caldwell Ka, Caldwell Ga, Lindquist S. Functional Links
Between A Toxicity, Endocytic Trafficking, and Alzheimer’s Disease Risk Factors in Yeast.
Science. 2011; 334:1241-1245. [PubMed: 22033521]

Vapnik, V. The nature of statistical learning theory. springer; 2000.

Varol, E., Davatzikos, C. Medical Image Computing and Computer-Assisted Intervention-MICCAI
2014. Springer; 2014. Supervised block sparse dictionary learning for simultaneous clustering and
classification in computational anatomy; p. 446-453.

Varol, E., Sotiras, A., Davatzikos, C. Medical Image Computing and Computer-Assisted Intervention—
MICCAI 2015. Springer; 2015. Disentangling disease heterogeneity with max-margin multiple
hyperplane classifier; p. 702-709.

Vemuri P, Gunter JL, Senjem ML, Whitwell JL, Kantarci K, Knopman DS, Boeve BF, Petersen RC,
Jack CR. Alzheimer’s disease diagnosis in individual subjects using structural MR images:
validation studies. Neurolmage. 2008; 39:1186-97. [PubMed: 18054253]

Whitwell JL, Dickson DW, Murray ME, Weigand SD, Tosakulwong N, Senjem ML, Knopman DS,
Boeve BF, Parisi JE, Petersen RC, Jack CR, Josephs Ka. Neuroimaging correlates of
pathologically defined subtypes of Alzheimer’s disease: a case-control study. The Lancet.
Neurology. 2012; 11:868-77. [PubMed: 22951070]

Whitwell JL, Petersen RC, Negash S, Weigand SD, Kantarci K, lvnik RJ, Knopman DS, Boeve BF,
Smith GE, Jack CR. Patterns of atrophy differ among specific subtypes of mild cognitive
impairment. Archives of neurology. 2007; 64:1130-8. [PubMed: 17698703]

Zhang T, Koutsouleris N, Meisenzahl E, Davatzikos C. Heterogeneity of Structural Brain Changes in
Subtypes of Schizophrenia Revealed Using Magnetic Resonance Imaging Pattern Analysis.
Schizophrenia Bulletin. 2015; 41:74-84. [PubMed: 25261565]

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



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Varol et al.

Page 35

. We present a novel machine learning framework for the analysis of

. We propose a semi-supervised learning framework that integrates

. The anatomical and genetic heterogeneity of Alzheimer’s disease is explored

. The anatomical and genetic subtypes that are revealed are clinically
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(a) (b) (c)

Figure 1.
Illustrating the effect of heterogeneity when separating a positive class (denoted by gray

squares) from a heterogeneous negative class (denoted by red rhombuses). (a) Linear SVM
separates the positive class from a heterogeneous negative class (presence of two clusters) by
a small margin. (b) Our method classifies each cluster separately, resulting in a larger
margin. (c) Heterogeneity introduced by the presence of three clusters modeling distinct
deviations from normality. Each deviation is captured by a different face of the convex
polytope. Solid lines correspond to the classifier, dashed lines indicate margin while
highlighted linear segments define the separating convex polytope.
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Figure 2.
Positive (squares) and negative (rhombuses) instances in a continuous two-dimensional

feature space. Instances of the two classes either (a) overlap and are not linearly separable,
or (b) are highly separable. Linear SVM is used to classify the low (b) and high (e)
separability toy dataset. Similarly, HYDRA (K=2) is applied to the low (c) and high (f)
separability toy dataset. Dark gray lines correspond to the estimated separating hyperplanes,
while light gray lines denote the estimated margins. Note the increase of the margin that is
made possible through the use of multiple linear classifiers that form a convex polytope
denoted by the highlighted line segments. The classes, as well as the estimated subgroups,
are encoded using different colors.
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(c)

Figure 3.
(a) Patterns of simulated heterogeneity. Mean difference images between the positive class

and the three negative class subgroups, respectively. (b) The results that were obtained using
HYDRA (K = 3) are visualized by performing group comparison between each estimated
subgroup and the positive class. The negative logarithm of the estimated p-values is shown.
(c) Similarly, the groups that were obtained using K-means (K = 3) are reported. Note that
the groups estimated by HYDRA capture distinct focal effects that align well with the
simulated ones, while the ones estimated by K-means mix the focal effects and recapitulate
different stages of disease progression.

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



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Varol et al. Page 39

HYDRA AUC KMEANS AUC
0.95/ {HH {095
0.9f | | "1 T 08}
0.85| 1 | | . ' oss)
081 4+ 4+ . . .1 os}t
1234567839 123456789
K K

(a) AUC, Left: HYDRA, Right: K-means/SVM

HYDRA AR KMEANS AR
0.6} 08l 1
0.4 My 06

' 0.4}
0.2}

0.2}
0. F - - - - P— - - J 0 i - - - . ]
123456789 1234567829
K K

(b) ARI, Left: HYDRA, Right: K-means

Figure 4.
Simulated data results: (a) Cross-validated AUC for HYDRA (left) and K-means/SVM

(right) binary classification. (b) Cross-validated ARI for the clustering result of HYDRA
(left) and K-means (right). The results are reported for different values of the parameter K.
Error bars are centered around the mean and indicate variance. Both the classification
accuracy and the cluster stability were maximized at K= 3 for HYDRA, agreeing with the
intrinsic dimensionality of the heterogeneous group. The classification accuracy obtained by
K-means/SVM remained relatively stable for different values of K. However, the clustering
stability was maximized for K'= 2, demonstrating that higher reproducibility does not
necessarily imply successful heterogeneity detection.
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Figure 5.
Anatomical Data: (a) Cross-validated classification accuracy. (b) Cross-validated cluster

stability. Results are reported for different values of the parameter K. Error bars are centered
around the mean and indicate variance. Classification accuracy remains relatively stable for
different values of K (no statistically significant differences between the reported AUC
values were observed). Cluster stability exhibits a distinct peak at K= 3, suggesting the
existence of three distinct disease subgroups.
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Figure 6.
Comparison between group differences obtained using commonly applied monistic analysis

and the results that were obtained using our method for heterogeneity detection in structural
MRI data. The voxel-based analysis was performed using GM RAVENS. Color-maps
indicate the scale for the t-statistic. Colder colors indicate relative GM volume increases
(CN < pathological population), while warmer colors correspond to relative GM volume
decreases (CN > pathological population). Images are displayed in radiological convention.
Axial views of the VBA results obtained from GM group comparisons of (A) CN vs. AD;
(B) CN wvs. first AD subgroup; (C) CN vs. second AD subgroup; and (D) CN vs. third AD
subgroup are shown. The first subgroup exhibited diffuse atrophy; the second subgroup was
characterized by bilateral parietal lobe, precuneus, and bilateral dorsolateral frontal lobe
atrophy, while the third subgroup exhibited bilateral medial temporal dominant atrophy.
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HYDRA AUC

(a)
HYDRA AR
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Genetic Data: (a) Cross-validated classification accuracy. (b) Cross-validated cluster
stability. Results are reported for different values of the parameter K. Error bars are centered
around the mean and indicate variance. Classification accuracy slightly decreases. However,
the results for K= 1 and K= 2 were not statistically significant different. Cluster stability
exhibited a distinct, high peak at K'= 2, suggesting the existence of two distinct disease

subgroups.
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Figure 8.
Comparison between group differences obtained using commonly applied monistic analysis

and the results that were obtained using our method for heterogeneity detection in genetic
data. The voxel-based analysis was performed using GM RAVENS. Color-maps indicate the
scale for the t-statistic. Images are displayed in radiological convention. Axial views of the
VBA results obtained from GM group comparisons of (A) CN vs. first AD subgroup; (B)
CN vs. second AD subgroup; and (C) first AD subgroup vs. second AD subgroup are shown.
For (A) and (B), colder colors indicate relative GM volume increases (CN < AD subgroups),
while warmer colors correspond to relative GM volume decreases (CN > AD subgroups).
Similarly for (C), warmer colors indicate relative GM volume increases (first AD subgroup
< second AD subgroup), while colder colors correspond to relative GM volume decreases
(first AD subgroup > second AD subgroup). Both groups exhibit atrophy in the temporal
lobe and posterior medial cortex while white matter lesions are present in the periventricular
area. However, the first AD subgroup, which mainly comprises APOE &4 carriers, is
characterized by significantly more hippocampus and entorhinal cortex atrophy and less
superior frontal lobe atrophy.
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Table 3

Table summarizing the classification and clustering performance of HYDRA for the experiments using
structural MRI and genetic data, respectively. Results are reported for three values of the parameter K. The
optimal value of the parameter K'that was estimated by performing model selection based on clustering
stability is denoted by *. The differences in AUC were statistically insignificant between K=1 and K= 3 for
MRI data (two-tailed t-test p-value equals to 0.115) and between K'=1 and K = 2 for genetic data (two-tailed
t-test p-value equals to 0.102). This suggests that discriminative signal was preserved, allowing for clinically
relevant clusters to be found.
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1duosnuen Joyiny

Experiment Classification/Clustering Performance

Data K AUC ARI
0.9149 + 0.0563 —

MRI 2 0.9123 £+ 0.0517 0.2054 + 0.2477

3" 0.9021 + 0.0572 0.2724 +0.1430
1 0.7296 + 0.1033 —

Genotype | 2* 0.7047 £ 0.1105 0.7986 + 0.2266

3 0.6990 £ 0.1121 0.6412 + 0.3124
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