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Abstract

Regional analysis of cortical thickness has been studied extensively in building imaging
biomarkers for early detection of Alzheimer’s disease but not its interregional covariation of
thickness. We present novel features based on the inter-regional covariation of cortical thickness.
Initially, the cortical labels of each subject are partitioned into small patches (graph nodes) by
spatial k-means clustering. A graph is then constructed by establishing a link between 2 nodes if
the difference in thickness between the nodes is below a certain threshold. From this binary graph,
a thickness network is computed using nodal degree, betweenness, and clustering coefficient
measures. Fusing them with multiple kernel learning, it is observed that thickness network features
discriminate mild cognitive impairment (MCI) converters from controls (CN) with an area under
curve (AUC) of 0.83, 74% sensitivity and 76% specificity on a large subset obtained from the
Alzheimer’s Disease Neuroimaging Initiative data set. A comparison of predictive utility in
Alzheimer’s disease and/or CN classification (AUC of 0.92, 80% sensitivity [SENS] and 90%
specificity [SPEC]), in discriminating CN from MCI (converters and nonconverters combined;
AUC of 0.75, SENS and SPEC of 64% and 73%, respectively) and in discriminating between MCI
nonconverters and MCI converters (AUC of 0.68, SENS and SPEC of 65% and 64%) is also
presented. ThickNet features as defined here are novel, can be derived from a single magnetic
resonance imaging scan, and demonstrate the potential for the computer-aided prognostic
applications.
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1. Introduction

Today, Alzheimer’s disease (AD) is the most common type of dementia, accounting for
60%—-80% of the cases (Alzheimer’s Association, 2012), for which definitive diagnosis can
only be made with the histopathologic confirmation of amyloid plaques and neurofibrillary
tangles. Recent reports suggest that the Alzheimer pathology begins decades before any
clinical symptoms appear (Amieva et al., 2008; Braak and Braak, 1991; Braak and Del
Tredici, 2011), which highlights the importance and challenge in early detection of AD.

Structural magnetic resonance imaging (sSMRI, T1-weighted) offers a noninvasive way to
image and analyze the structure of the brain (high tissue-contrast) at 1 mm3resolution and is
routinely used in clinical practice. Structural alterations associated with AD can be detected
before the onset of clinical symptoms (Jack et al., 2010), supporting the use of structural
imaging features for the early detection of AD. A large body of research on neuroimaging
techniques exists for the detection of AD and for the prediction of conversion in mild
cognitive impairment (MCI), including analysis of gray matter densities (Duchesne et al.,
2010; Koikkalainen et al., 2011; Misra et al., 2009), hippocampal shape (Beg et al., 2013;
Coupé et al., 2012; Wang et al., 2007), amyloid deposition (La Joie et al., 2012; Tosun et al.,
2011; Villain et al., 2012), functional magnetic resonance imaging (MRI) (Bullmore and
Sporns, 2009; Wee et al., 2012), and also employing multimodality approaches (Walhovd et
al., 2010; Westman et al., 2012). sSMRI features have also been successfully applied for the
differential diagnosis of AD and frontotemporal disease (Du et al., 2007; Raamana et al.,
2012; Woodward et al., 2010).

The early-stage neurodegeneration observed in AD is subtle and spatially distributed over
the brain, which makes cortical thickness features an ideal imaging-biomarker for AD.
Cortical thickness has been the focus of numerous studies for the detection of probable AD
(Desikan et al., 2009; Dickerson et al., 2009; Eskildsen et al., 2013; Mcevoy et al., 2011;
Wolz et al., 2011). These studies show that early-stage cortical thickness by itself using only
baseline MRI scans proved to be useful for the early detection of AD, but with limited
utility, as was shown in Cuingnet et al. (2011). Cuingnet et al. (2011) performed an objective
comparison of the predictive performance of published image processing methods, on a
common data set, to predict conversion to AD in MCI patients. They observed that the
performance of various method based solely on baseline cortical thickness has been limited
at the best in accurately predicting conversion to AD in MCI subjects.

There has been a plethora of research in ROI-based analysis of cortical thickness (Cuingnet
etal., 2011), but only few studies analyzed the covariation of thickness in different regions
of the brain. We would like to capture the nature of the pairwise changes to characterize the
topographic covariation in cortical thickness as associated with the progression of AD.
Establishing links (akin to edges in a graph) using cortical thickness or gray matter density
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extracted from sMRI allows for such a study, and these approaches are only beginning to be
explored. Here, we briefly summarize the different studies published so far and refer the
reader to the following publications for a comprehensive review of studies on anatomic
covariance (Alexander-Bloch et al., 2013a; Evans, 2013; Iturria-Medina, 2013; Wen et al.,
2011). These studies can broadly be divided into 2 categories based on the type of anatomic
features they use, that is, whether they use cortical morphometric features (He et al., 2008)
versus gray matter density and/or volume (Mechelli et al., 2005; Tijms et al., 2012; Yao et
al., 2010) to establish links and whether they utilize only the cortex (Chen et al., 2008) or the
brain volume entirely (Tijms et al., 2012; Wee et al., 2012) or specific volume of interest
(Mechelli et al., 2005; Seeley et al., 2009). Initial studies on structural covariance were
pioneered by the Alan Evans group based on the analysis of vertex-wise correlations in
thickness Lerch et al. (2006). This article was followed by (Chen et al., 2008; Gong et al.,
2012; He et al., 2008, 2009a; Khundrakpam et al., 2013), which revealed insights into the
aberrant network properties. For example, (He et al., 2007, 2008, 2009a, 2009b) used graph-
theory analysis to study the group differences in AD relative to controls (CN) and revealed
an abnormal small-world architecture, significantly reduced nodal centrality, increased local
efficiency (local clustering), and decreased global efficiency (increased mean path length).

Gong et al. (2012) presented a comparison of patterns of covariance in cortical thickness and
that of diffusion based fiber connections. This comparison suggested that positive
correlations in cortical thickness might be mediated by a fiber pathway, and that cortical
thickness correlations present exclusive information, that is not offered by fiber connections.
Chen et al. (2008) demonstrated the modularity of the human cortical network (based on a
network of correlations in cortical thickness) and its organization into different topologic
modules overlapping closely with known functional domains.

Alexander-Bloch et al. (2013b) analyzed a longitudinal data set of healthy young people and
constructed structural and maturational networks based on the rate of change in thickness
over time. They studied the link between maturational networks and structural networks to
demonstrate the similarity in their topologic properties (global and nodal). Khundrakpam et
al. (2013) studied developmental changes in structural network properties of cortical
thickness and revealed a significant reduction in local efficiency, modularity, and increased
global efficiency in late childhood.

Bassett et al. (2008) analyzed group differences between schizophrenia and healthy controls
to show that schizophrenic patients exhibited reduced loss of frontal hubs and emergence of
nonfrontal hubs. Raj et al. (2010) analyzed the covariance networks of thickness and
curvature to localize seizures in temporal lobe epilepsy and present an interesting graph-
level statistical analysis. Seeley et al. (2009) studied the relationship between
neurodegeneration, anatomic covariance and intrinsic connectivity networks in 5
neurodegenerative syndromes. They showed that the patterns in syndrome-specific atrophy
mirror that of structural and functional covariance (using the maximal atrophic region as the
seed region).

These studies presented so far assert the utility of covariance properties in studying disease-
related changes. However, these studies were mostly limited to either studying the existence,

Neurobiol Aging. Author manuscript; available in PMC 2018 March 13.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Raamana et al.

Page 4

or lack thereof, of small world properties, for example He et al. (2008), or any group
differences in covariance properties that exist between patient and CN groups, for example
Bassett et al. (2008). These studies have not, to date, constructed any features from such
inter-regional covariation or performed evaluation of its diagnostic utility. We propose to
utilize covariation patterns in cortical thickness as an imaging biomarker for AD. The
progression of AD generally follows a stereotypical spatial pattern and hence pairwise
covariation between cortical surface patches will likely complement existing features for
early detection based on cortical thickness. We construct novel features based on the
network properties of inter-regional links in the brain defined using cortical thickness.
Furthermore, we fuse these thickness network (ThickNet) features using probabilistic
multiple kernel learning approach and investigate their predictive utility in the detection of
prodromal AD (MCI converters) on a large cohort from Alzheimer’s Disease Neuroimaging
Initiative (ADNI) data set. Further, we compare its performance in discriminating between
CN and AD, CN and MCI converters (MClc), MClc and MCI nonconverters (MCInc) as
well as between CN and MCI (MClc + MClnc, combined).

2. Methods

2.1. Data set

Data used in the preparation of this article were obtained from the ADNI database
(adni.loni.ucla.edu). The ADNI was launched in 2003 by the National Institute on Aging,
the National Institute of Biomedical Imaging and Bioengineering, the Food and Drug
Administration, private pharmaceutical companies and nonprofit organizations, as a $60
million, 5-year public-private partnership. For up-to-date information, see www.adni-
info.org.

Cuingnet et al. (2011) compared the performance of various published classification
methods on fixed training and testing sets resulting in a comparable set of performance
metrics. To enable comparison with a large set of similar methods, we utilized the same
subset of 509 participants as studied in Cuingnet et al. (2011), except for a few exclusions
whose cortical parcellation did not meet our quality control metrics, see Appendix for
further details. We refer the reader to Cuingnet et al. (2011) for the complete description of
the participants and demographics for the study cohort. Briefly, our study consists of 481
T1-weighted MR scans acquired at 1.5 T. MRI scans from the baseline visit were used when
available (and from the screening visit otherwise). This gave MR images from 159 CN
subjects, 56 MClc subjects (who had converted to AD within 18 months), 130 MCI
nonconverters (MCInc) subjects, and 136 AD subjects. In this article, we use the term
prodromal AD to denote MCI converters (MClc), and the 2 terms are used interchangeably.

2.2. Thickness measurement and processing

Initial cortical reconstruction and volumetric segmentation of the whole brain were
performed with the Freesurfer image analysis suite (Fischl et al., 2002) to obtain pial and
WM and/or GM surfaces. The resulting cortical parcellations were quality controlled. Errors
were corrected whenever possible (they were excluded otherwise). In the space between the
GM and/or WM and pial surfaces, a discrete approximation of Laplace equation was solved
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(Gibson et al., 2009; Yezzi and Prince, 2003) using the tools developed by our group.
Streamlines of this harmonic function define corresponding points on the surfaces, and the
Euclidean distance between these points defines the cortical thickness. To perform group
analysis, we registered the surface of each subject in the study to the surface of a common
atlas (derived from averaging over 80 healthy subjects) using the tools from Fischl et al.
(2002), see Appendix for further details. This establishes vertex-wise correspondence and
enables group-wise analysis. Finally, cortical thickness was smoothed with a 10-mm full
width at half height gaussian kernel to improve the signal-to-noise ratio and statistical power
for subsequent analysis (Lerch and Evans, 2005).

2.3. Novel dimensionality reduction

Each cortex surface contained 327,684 vertices in the whole brain, and we have a limited
number of subjects. To avoid the curse of dimensionality, we partitioned each cortical label
(such as posterior cingulate and so forth from the 68 Freesurfer-derived cortical labels)
containing thousands of vertices into a small number (say 10) of partitions by clustering
vertices, within each label, using k-means clustering of vertex coordinates. The thickness
feature for each subpartition is defined as the average thickness across vertices in that
partition. This simple novel approach not only reduces the dimensionality of the features but
also does it in an anatomically meaningful way, as opposed to other dimensionality
reduction methods (such as PCA) which transform the features to an entirely different space
which may lack physical meaning and anatomic relevance. Note that, clustering is done
within each Freesurfer label, which prohibits linking vertices across different adjacent
labels. Moreover, the vertex density of Freesurfer parcellation is sufficiently even and high
to satisfy the k-means assumptions (Lee et al., 2006), and visual verification of partitioning
confirmed the resulting label subdivisions were appropriate. Visualization of this subdivision
of the cortex into 680 partitions is shown in Fig. 2B and 2A. As they are all registered to a
common atlas, this subdivision of the cortex is propagated into the cortical surface of each
subject to establish correspondence for further analysis.

It is worth noting that certain trade-offs exist in deciding the total number of partitions
(TNP) for this method. When we choose to average across the entire freesurfer label (which
can be quite large covering many gyri and sulci), we may lose the discriminatory signal. In
contrary, when the TNP is excessively large, for example over 5000, we risk the curse of
dimensionality as well as making the method overly sensitive to noise. Hence, we study the
performance of this method for different values of TNP = 340, 680, 1020, 1360, and 1700,
to avoid making an arbitrary choice.

The aforementioned parcellation method we used is very similar to those previously
reported. For example, Hagmann et al. (2008) utilized region-growing method for the
subdivision of each of the Freesurfer labels into a large number of patches, which is very
similar to our method of clustering neighbouring vertices using k-means clustering method.
The 2 methods are very similar, except for the difference in the stopping criteria of
clustering. We restrict the number of patches for each FS label (say n = 10), whereas
Hagmann et al. (2008) restrict the maximum size of patches to be 1.5 cm?. In fact, the
average patch size resulting from our method using 10 patches per Freesurfer label is 1.59
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cm?, which is very close. As noted previously, we comprehensively study the performance
of our method for different number of patches (n =5 to 25 in steps of 5), to avoid making an
arbitrary choice as opposed to a fixed choice of 1.5 cm? in Hagmann et al. (2008).

2.4. ThickNet features

Once the pial surface is partitioned into large number of small sub-partitions (thought of as
nodes), a network (graph) is constructed by establishing a link between 2 nodes if the
absolute difference in thickness is below a specified threshold. The term network is used
here in the abstract sense to mean a mathematical graph and not a functional and/or
structural network connected by physical fiber tracts or connections. From this binary
undirected graph, we compute thickness network measures, we term them ThickNet
features, such as nodal degree, betweenness centrality, and clustering coefficient to represent
each individual brain. ThickNet measures are intrinsic to each subject and offer insight into
regional correlations in cortical thinning. The extraction of ThickNet features in illustrated
in the form of a flowchart in Fig. 1.

Suppose, N is the set of all nodes in the network (the number of nodes 7= NPP x 68, NPP =
number of partitions per freesurfer label in each of the 68 freesurfer labels), and L is the set
of all links in the network (I = number of links). Note, N equals TNP which is the total
number of partitions in each subject’s cortical surface. Let (/ /) be a link between nodes 7
and /(£ jeN) and gj;is the link status between 7and /. ;=1 when link (7 j) exists; a;;=0
otherwise. A link is defined between 7and j, if |[M7;— MTj< = a, where MT, represents the
mean thickness in the node x; x./V. Here, a is the threshold to establish a link. A lenient
threshold (a > 0.5 mm) allows large number of links in the cortex, whereas a stringent
threshold (a = 0.5 mm) allows relatively fewer links. It is important to note that spatial
distance or spatial adjacency is not a criteria, as the method searches all possible pairwise
links between all cortical subpartitions.

We chose to utilize nodal degree (measure of how connected each node is), betweenness
centrality (measure of centrality) and clustering coefficient (measure of segregation) from
the binary graph as properties to describe the network (Rubinov and Sporns, 2010). In brief,
for a given node /, these are defined as:

Nodal degree, k;= Z aij

JEN Q)
Bet trality, by=——————— ——
N O ) () hjeEN /;fm‘ g Phi(2)

1 2t;
Clustering coefficient, C;=—» —————
ngvkz(kz -1) (3)
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1
ti== i Aih G . . .
where Qj%Na 7% %M s the number of triangles around node /£ oy is the number of
shortest paths between /and jand pp{(/) is the number of shortest paths between /and jthat

pass through /. Please note, k;in Equation (3) is the nodal degree defined in Equation (1).

Intuitively, the degree of an individual node is equal to the number of links connected to that
node, which therefore reflects the level of interaction of that node in the network. It is
hypothesized that there are central nodes which participate in many short paths in the brain
network. Betweenness centrality measures the fraction of all shortest paths in the network
that pass through a given node. It is also known that human brain segregates specialized
processing into interconnected groups of brain regions (clusters), clustering coefficient
measures the clustering connectivity around a given node.

The ThickNet features for the CN and MClc classes, in the form of group-differences, are
visualized in Figs. 2 and 3. This may be helpful in obtaining better insight into the actual
features in different classes. Fig. 3 shows that nodal degree exhibits the largest differences
followed by betweenness and then clustering coefficient. Although the nodal degree features
exhibit the largest differences, the differences are located in separated clusters (such as the 2
clusters in the post-central region) compared with other ThickNet features, which needs to
be investigated further in future. These patterns of differences in nodal degree are similar to
those seen in CN versus AD (not shown here for lack of space), which are just more
pronounced and wider spread.

It is to be noted that the thickness network (as defined in this article) is an abstract construct
that links 2 nodes based on similarity of thickness values between those nodes. This
approach for network construction in the context of AD is similar to the extensive body of
work by Evans et al. and other groups showing the construction of covariance structural
networks based on cortical thickness or gray matter density in general. We are working on
relating these networks to a biological explanation that relates these abstract constructs to
the changes seen in the course of AD, and also developing appropriate visualizations that
can aid in intuitive understanding of these ThickNet networks.

3. Evaluation of predictive utility

The ThickNet features reveal different properties of the regional links in thickness in the
human brain. To maximize their utility for the early detection of AD, these features can be
fused to form a composite set of features. Multiple kernel learning (MKL) is a natural choice
for such a fusion of different features for the classification task. The procedure to evaluate
the predictive utility is described in the following sections and also presented as a flowchart
in Fig. 4.

3.1. Probabilistic MKL

One such method is the Variational Bayes probabilistic MKL (VBpMKL) which has been
successfully applied to protein fold recognition (Damoulas and Girolami, 2008). This
method combines multiple feature spaces, allowing a different kernel (e.g., gaussian and
polynomial) for each feature space to embed them in a high-dimensional similarity space,
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using a variational Bayes approximation to form a composite kernel. This composite kernel
is fed to a multi-class model which applies Bayes theorem to learn the significance of each
feature, as well as the kernel weights and kernel parameters automatically, without resorting
to ad hoc parameter tuning. VBpMKL outputs probability estimates of membership to each
class for each test subject, from which we can compute performance metrics (such as
accuracy) as well as construct the receiver operating characteristic (ROC) curve.

3.2. Feature selection

Before fusion, further feature selection is done (within each feature set separately), by
ranking each partition by its 2-sample t-statistic computed from the training set alone. All
the partitions are ranked by their t-statistic, and the top K partitions are selected for training
the classifier. We computed t-statistic with the alternative hypothesis that means are not
equal assuming the variances are not equal, using the following formulae:

X - X 2 2
t:%ﬁx = 51,5

—_ — 1—A2

X1-X3 e (4)

Here, $ is an unbiased estimator of the variance of the 2 samples X; and X;. X, and njare
the mean and the number of participants in each sample 7= 1, 2, respectively.

3.3. Largest reduced dimensionality to avoid over fitting

There is an empirical relationship between the number of features (K) used to train the
classifier and the minimum size of the training sample needed to avoid the curse of
dimensionality, which is that for K number of features and small probability of error p(é),

K
the minimum sample size required Ninin > 2p(e) (Fitzpatrick and Sonka, 2000). If one
would like to keep p(é) below 5% with K features, we need at least Aiyin = K/(2 x 0.05) = K
x 10 subjects for training. We use this relation to determine the maximum number of
features that can be used to train the classifier with an Main number of samples in the
training set, that is, Knax = v (Myain/10). This would give a Kmax = 12, 5, 15 and 5 for the
experiments AD and/or CN, MClc and/or CN, and MCI (MClc + MClInc)/CN and MClc/
MClnc, respectively, when using the evaluation method to be described below in Section
3.4. We propose novel application of this approach derived from analytical results to set the
largest dimensionality to avoid the possibility of over fitting.

After the selection of K features from each ThickNet measure, the 4 feature subsets are fed
to the MKL classifier separately for each feature set. Depending on the combination strategy
and parameters selected, this can sometimes result in simple concatenation of the subset (K)
of features to arrive at a bigger set of features (4*K) to train the classifier. But this is only
specific to some choices and is not always the case.

3.4. Repeated hold-out stratified Training set

Using this combination, that is, t-stat feature selection followed by VBpMKL as the
classification system, we evaluate its predictive utility using a novel form of repeated
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holdout method to handle class-imbalance. We eliminate class imbalance in the training set
by first selecting a fixed percentage of subjects from the smallest class, and then selecting
the same number from all the classes in the data set. We denote it as the repeated hold-out,
stratified training set (RHsT) evaluation method. It is stratified in the sense that each class
has an equal number of subjects in the training set to eliminate any class imbalance that may
arise for typical uses of popular cross-validation methods. In each repetition, we hold out
Nirain Subjects from each class for training and reserve the rest for testing the classifier. Here,
MNirain is determined by 95% of the smallest class in the experiment. For example, in the CN
(n = 159) versus AD (n = 136) experiment, training set would consist of Ayain = ¥(0.95 x
136) = 129 subjects from both CN and AD classes and the testing set would have 30 CN and
7 AD subjects. In each repetition, we compute the accuracy, sensitivity, and specificity as
well as area under curve (AUC) by constructing an ROC, from the predictions generated for
the corresponding unseen test set. This method is repeated 100 times, each time creating
random training and/or test sets, to avoid the bias that can arise from a single training and/or
test sets (Cuingnet et al., 2011). The mean performance metrics, and their standard
deviations, from the 100 repetitions are reported.

3.5. Comparison of performance improvement

To analyze performance improvement contributed by the proposed ThickNet (TN) features,
we compared its performance relative to mean thickness (MT) features alone. The
classification power of mean thickness features alone, in place of the ThickNet features, is
evaluated while keeping the rest of the evaluation procedure (RHsT) the same. The best
performance of the MT features (highest AUC over different values of TNP) is compared
with that of TN method, and the results are shown in Table 2.

We tested this using 2 measures of AUC: (1) covering the entire ROC curve, which tests
whether one method is better than the other for the entire range of sensitivity (blanket test);
and (2) covering only a high-specificity portion of ROC curve which focuses on clinically
relevant portion of the ROC. Accordingly, we define partial AUC (pAUC) as the AUC under
partial ROC curve bounded by specificity over 85%. This upper threshold of 85% specificity
is commonly accepted for a clinically relevant biomarker and/or test (McClish, 1989).

4. Results

The evaluation method as described in Section 3, and graphically summarized in Fig. 4, is
applied to the fusion of the following 4 feature sets: mean thickness, nodal degree,
betweenness centrality, and clustering coefficient at each partition. From preliminary trials in
AD and/or CN classification, we observed the best performance from VBpMKL using a
polynomial kernel (third degree) for each feature set and thereby fixing it as the kernel of
choice for this study. The performance of the fusion method is evaluated in the following 4
binary classification experiments: CN versus AD, CN versus MClc, CN versus MCI, and
MClnc versus MClc, to compare their predictive utility under different levels of separability.

For each such experiment, there are 2 parameters that change the feature extraction (of the
mean thickness and the 3 network features): TNP and the link threshold a. Choice of a
larger or smaller TNP is equivalent to selecting a different parcellation scheme (coarse to
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finer resolution), and selecting different values for a can be interpreted as selecting different
types of features, that is, weak connections with lenient alpha (large tolerance for similarity),
and strong connections with stringent alpha (relatively low tolerance for similarity). To avoid
making an arbitrary choice for these parameter values, we have studied the performance of
our method for different combinations of TNP and a, with TNP = 340, 680,1020,1360, and
1700, and a was varied from 0.1 mm to 1.5 mm, in steps of 0.1 mm. The AUC for all the
combinations are visualized in Fig. 5. These results show that AUC for ThickNet features is
high for CN versus AD, and it is robust for a wide range of values for TNP and a. The
results in the other three experiments show that (1) AUC decreases with decreasing
separability across the 4 experiments; and (2) AUC is robust with varying values for TNP
and a in all the experiments. These figures display the same trends that AUC exhibited in all
the experiments. The results in 3 metrics combined assert the promising performance of
ThickNet classifier, as well as its robustness to the parameters of feature extraction.

The best performance (highest AUC) of the ThickNet fusion classifier for different
experiments are summarized in Table 1, with different performance metrics and the optimal
ThickNet parameters TNP and a. Table 1 shows that ThickNet classifier exhibits not only
high AUC but also a balanced performance in terms of similar sensitivity and specificity.
Although there is a class imbalance in the data set, neither specificity nor sensitivity is over-
learned by our classifier. Corresponding ROCs are visualized in Fig. 6, which are
constructed by averaging the 100 ROCs obtained from the 100 repetitions of the RHST,
using the vertical averaging method as described in Fawcett (2006).

The results from the comparison of performance improvement, as described in Section 3.5,
are shown in Table 2 for all the classification experiments presented in Table 1. The
corresponding ROCs for ThickNet and MT are compared in Fig. 6. Further summary of the
comparison between MT and ThickNet features are presented in the form of descriptive
statistics in Table 3.

The average weights from the 100 repetitions of RHsT for the ThickNet features, indicating
their individual significance, are visualized in Fig. 7. The visualizations for sensitivity and
specificity estimates of the ThickNet fusion classifier, in the lines of Fig. 5, are presented in
Figs. 8 and 9, respectively.

5. Discussion

Our results confirm a general trend that the classification performance is the highest in CN
versus AD experiment and it gradually decreases as the problem becomes increasingly
challenging from CN versus MClc, CN versus MCI, to MClc versus MClnc. From Table 1,
we observe that our method discriminates AD from CN with an AUC of 0.92. We can also
observe that the performance of our method decreases as the problem becomes increasingly
challenging, that is, in AUC for CN/MCI classification is 0.75 with 64% sensitivity and 73%
specificity; in MCInc/MClc classification, AUC is 0.68 with 65% sensitivity and 64%
specificity, which is to be expected.
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The most promising result in Table 1 is the performance in discriminating MClc from CN
with an AUC of 0.83 (74% sensitivity and 76% specificity). For a similar experiment, the
mean thickness in each freesurfer label (or ROI, many times larger than our partition), noted
as the thickness-ROI method in Cuingnet et al. (2011) resulted in 65% sensitivity and 94%
specificity. This is not directly comparable with our result, as we fuse multiple ThickNet
features whereas other study uses mean thickness alone; however, it demonstrates the
improvement achieved by using the sophisticated method.

Another study (Eskildsen et al., 2013) that utilized mean thickness features for classification
between progressive MCI (conversion in 24 months, results for 18 months are not reported)
and stable MCI, reports an AUC of 0.67, 59% sensitivity and 70% specificity. For a similar
experiment using mean thickness on classification between MCinc (stable MCI) and MClc
(conversion in 18 months), we obtain AUC of 0.68 with 65% sensitivity and 64% specificity.
Our performance is slightly better than (Eskildsen et al., 2013), although it is to be noted the
subsets being studied are different, and the 2 studies utilize different types of mean
thickness. There have been many reports on MClInc and/or MClc classification, as
summarized in (Cuingnet et al., 2011), mostly with low classification performance. This
may be because of MCInc being a very heterogeneous and unstable diagnostic group.

Another interesting point to note from Table 1 is that when the separability is higher (CN vs.
AD and CN vs. MClc), the best performance was obtained with a coarse partitioning (TNP =
340, relatively large patches) and a stringent threshold (a = 0.3 mm that results in only few
links). In contrast, in challenging problems with lower separability (CN vs. MCI and MClc
vs. MClInc), our method needed a very intricate network (TNP > 1000 resulting in large
number of small areas and a lenient a = 1.3 mm resulting in many links). A lenient a results
in higher nodal degree (each node is connected to larger number of nodes) and smaller
centrality (discourages local clustering) and clustering coefficient. This makes sense
clinically and conforms to our understanding of the disease stages.

Figs. 8 and 9 presenting sensitivity and specificity, show that the performance of our method
is robust across a wide range of values of the parameters TNP and a. Moreover, we notice
that these metrics follow the same trends as AUC, when the performance of ThickNet fusion
method is compared across the 4 different experiments.

The results presented thus far demonstrate the diagnostic utility of ThickNet features. An
objective comparison with mean thickness (MT) features, as described in Section 3.5, is
performed. The results from the comparison are presented in Fig. 6, Tables 2 and 3. Fig. 6
shows that ThickNet outperformed MT (encompassing the ROC), over a wide range of
specificities, in all the experiments except for CN versus MCI. As most real features perform
better than a random classifier, the ROC curves tend to be very similar in the low-specificity
range (e.g., false positive range >15%). When we consider the clinically relevant pAUC (the
second measure of ROC area), the results in Table 2 show that ThickNet method exhibits
higher pAUC in all the experiments. Overall, these results comparing the classification
performance of ThickNet features directly with mean thickness indicate that ThickNet
features do add value by providing equivalent or better performance than mean thickness
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alone. However, we should investigate further as to the clinical significance of the
performance offered by the ThickNet features to understand its prognostic implications.

5.1. Individual significance of ThickNet features

For each run of RHST, we obtain not only the prediction of the test set subjects but also the
significance of each feature set in the fused classifier, estimated by VBpMKL. This allows to
gain further insight into the contribution of different feature sets. The average weights from
the 100 repetitions of RHST for the ThickNet features are visualized in Fig. 7, for the 4
classification experiments.

Results from Fig. 7 show that all the ThickNet features are contributing to the classifier
(non-zero weights), although in varying proportions. Note that, the contribution of mean
thickness features is significant in all the classification problems. Whereas the contribution
of ThickNet features increased with increasing difficulty of the classification problem, such
as CN versus MClc and MClc versus MClnc. This further asserts their utility for the
prognostic applications for early detection of AD.

6. Conclusions and future work

We present novel ThickNet features that can be extracted from a single time-point MRI scan
and demonstrate their potential for individual patient diagnosis. As these features are not
specific to a disease, they can be easily applied to other prognostic problems in
neuroimaging. The diagnostic utility of ThickNet features is demonstrated by applying
probabilistic MKL (preceded by t-statistic feature selection) to the challenging problem of
detection of prodromal AD, that is, MClIc based on baseline MRI scan alone. We report an
AUC of 0.83 for CN/MClc classification problem with 74% sensitivity and 76% specificity,
which is promising. Furthermore, we present a detailed comparison of the classification
performance of the proposed ThickNet fusion method in AD/CN, MClc/MClinc and MCI
(MClc + MCInc)/CN classification experiments.

We would like to note that there is likely significant room for improvement, for example, by
computing more ThickNet features using additional measures of centrality, segregation, hub-
likeness, and integration, as well as constructing weighted graphs from the regional links in
cortical thickness as opposed to current choice of binary and undirected graphs in this study.
Moreover, we could apply different (or multiple) kernels for each feature as well as tuning
the kernel parameters, as opposed to the current results obtained with a fixed kernel
(polynomial kernel, degree = 3). This framework is easily extensible, for example, in
including features from other modalities such as positron emission tomography, diffusion-
tensor imaging, as well as other morphologic and neuropsychological features. Each new
feature can be tuned with an additional kernel, which can be easily fused with existing
features. Moreover, as the classifier used is by design multi-class, this method can be readily
applied to differential diagnosis, for example, discriminating AD from other types of
dementia such as frontotemporal disease and vascular dementia and so forth.
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Excluded subjects from quality control

Here, we list the set of subjects that were excluded from analysis in Table 4.

Estimation of the common atlas

After the extraction of cortical thickness from each subject, we registered the surface of each
subject to that of a common atlas. This atlas is derived from averaging 80 healthy controls
using tools from Freesurfer. With the help of Talairach transform computed for each subject,
Talairach (MNI1305) coordinates for each vertex are computed. These coordinates (from the
80 subjects) are averaged after mapping them to the common surface (which overlays well
on the average MNI1305 volume). In the following, we list all the subjects that were part of
this averaging in Table 5.
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Fig. 1.

Flgw chart describing the steps involved in the extraction of ThickNet features. Once the pial
surfaces from all the subjects are registered to a common atlas, we subdivide the cortex of
the atlas surface into a fixed number of partitions (or patches). This subdivision is
propagated into cortical surface of each subject and mean thickness within each partition is
computed for all the patches in every subject. Based on the similarity in thickness, links are
defined between various pairs of partitions with difference in mean thickness below a certain
threshold. The Boolean link status between all the pairwise connections forms the adjacency
matrix of the graph. From this graph, we compute various ThickNet features. Please refer to
Section 2.4 for a detailed description. (For interpretation of the references to color in this
Figure, the reader is referred to the web version of this article.)
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Fig. 2.

Vigsualization of the partitions on the atlas surface in the medial view (A) and lateral view
(B), when TNP = 680. Also visualized here in C and D are the group differences in the mean
thickness, that is, mean(CN)-mean(MClIc) at each partition, rescaled to [0,1] to enable
comparison with other ThickNet features show in Fig. 3. Abbreviations: CN, controls;
MClc, mild cognitive impairment converters; TNP, total number of partitions. (For
interpretation of the references to color in this Figure, the reader is referred to the web
version of this article.)
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Fig. 3.
Visualization of the differences in group means, that is, mean(CN)-mean(MClc) at each

partition, of the ThickNet features when TNP = 680 and a = 0.30. Left column presents the
medial view and the right column presents the lateral view of the group differences in each
feature. The values of each feature in A—F are normalized to [0,1] to enable comparison
across features. These values do not have any applicable units. Abbreviations: CN, controls;
MClc, mild cognitive impairment converters; TNP, total number of partitions. (For
interpretation of the references to color in this Figure, the reader is referred to the web
version of this article.)
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Flowchart illustrating the performance evaluation procedure utilized in this study. The
training set is stratified in the sense that there is no class-imbalance (all the classes are equal
in size) to limit any bias toward 1 particular class. Please note, this procedure is repeated 100
times. In each repetition, the performance metrics are computed based on the predictions
from the corresponding test set only. In other words, we do not pool predictions across
different repetitions, which may invalidate the computation of AUC. That would be invalid
because the prediction scores in different repetitions are obtained from different classifiers,
which may not be comparable or calibrated. Abbreviation: AUC, area under curve. (For
interpretation of the references to color in this Figure, the reader is referred to the web

version of this article.)
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AUC for different TNP and «
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Fig. 5.
Comparison of AUC obtained from RHsT method for each combination of NPP and a. The

combination with the best performance in each experiment is highlighted with a black oval.
Abbreviations: AD, Alzheimer’s disease; AUC, area under curve; MCI, mild cognitive
impairment; MClc, mild cognitive impairment converters; MClnc, mild cognitive
impairment nonconverters; NPP, number of partitions per freesurfer label; RHsT, repeated
hold-out, stratified training set; TNP, total number of partitions. (For interpretation of the
references to color in this Figure, the reader is referred to the web version of this article.)
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Fig. 6.

Cgmparison of ROC curves corresponding with the best performance of ThickNet fusion
method in each experiment, displayed using solid lines. We also compare these ROC curves
with those of mean thickness (MT) features. This comparison shows that ThickNet features
outperform the MT features (dashed lines) in all the experiments except CN versus MCI.
Abbreviations: CN, controls; MCI, mild cognitive impairment; ROC, receiver operating
characteristic. (For interpretation of the references to color in this Figure, the reader is
referred to the web version of this article.)
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CN vs. MClc

0.4

MT ND BE CL
MClc vs. MCinc

MT ND BE CL

Individual contribution of ThickNet features toward classification in the probabilistic
multiple kernel learning framework. These results show that all the ThickNet features
contributed to discrimination, although in varying proportions. Note that, mean thickness
contributed in all the classification problems, whereas the contribution of ThickNet features
increased with increasing difficulty of the problem such as CN versus MClc and MClc
versus MClnc. This only asserts their utility for the prognostic applications. Abbreviations:
BE, betweenness centrality; CL, clustering coefficient; MT, mean thickness; ND, nodal
degree. (For interpretation of the references to color in this Figure, the reader is referred to

the web version of this article.)
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SENSITIVITY for Different TNP and «
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Fig. 8.
Comparison of sensitivity, as a function of TNP and a, obtained from RHsT method. The

combination with the best performance (highest AUC) in each experiment is highlighted
with a black oval. Abbreviations: AD, Alzheimer’s disease; AUC, area under curve; MCI,
mild cognitive impairment; MClc, mild cognitive impairment converters; MCinc, mild
cognitive impairment nonconverters; RHsT, repeated hold-out, stratified training set; TNP,
total number of partitions. (For interpretation of the references to color in this Figure, the
reader is referred to the web version of this article.)
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Comparison of specificity, as a function of TNP and a, obtained from RHsT method. The
combination with the best performance (highest AUC) in each experiment is highlighted
with a black oval. Abbreviations: AD, Alzheimer’s disease; AUC, area under curve; MCI,

mild cognitive impairment; MClc, mild cognitive impairment converters; MCinc, mild

cognitive impairment nonconverters; RHsT, repeated hold-out, stratified training set; TNP,
total number of partitions. (For interpretation of the references to color in this Figure, the

reader is referred to the web version of this article.)
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Descriptive statistics from the comparison of the performance of ThickNet features and mean thickness
features. Here, MT and TN are arrays of size 100 x 1 with AUCs (full or partial) for the 100 repetitions of

holdout method

Experiment Full ROC Partial ROC

Mean(MT-TN) SD(MT-TN) Mean(MT-TN) SD(MT-TN)
CN versus AD —0.0082 0.0889 0.0002 0.0327
CN versus MClc -0.0248 0.2060 -0.0115 0.0568
CN versus MCI 0.0095 0.1165 -0.0107 0.0322
MClc versus MCInc  —0.0134 0.2729 -0.0063 0.0456

Key: AD, Alzheimer’s disease; AUC, area under curve; CN, controls; MCI, mild cognitive impairment; MClIc, mild cognitive impairment
converters; MClInc, mild cognitive impairment nonconverters; MT, mean thickness; ROC, receiver operating characteristic; SD, standard deviation.
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