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Predictive structural dynamic network analysis

Rong Chen?, Edward H. Herskovits?, and Alzheimer’s Disease Neuroimaging Initiative”
aDepartment of Diagnostic Radiology and Nuclear Medicine, University of Maryland, School of
Medicine, 100 N. Greene St, 4" Floor, Baltimore, 22 S. Greene St., Baltimore, Maryland 21201,
USA

Abstract

Background: Classifying individuals based on magnetic resonance data is an important task in
neuroscience. Existing brain network based methods to classify subjects analyze data from a cross-
sectional study and these methods cannot classify subjects based on longitudinal data. \We propose
a network-based predictive modeling method to classify subjects based on longitudinal magnetic
resonance data.

New method: Our method generates a dynamic Bayesian network model for each group which
represents complex spatiotemporal interactions among brain regions, and then calculates a score
representing that subject’s deviation from expected network patterns. This network-derived score,
along with other candidate predictors, are used to construct predictive models.

Results: We validated the proposed method based on simulated data and the Alzheimer’s
Disease Neuroimaging Initiative study. For the Alzheimer’s Disease Neuroimaging Initiative
study, we built a predictive model based on the baseline biomarker characterizing the baseline
state and the network-based score which was constructed based on the state transition probability
matrix. We found this combined model achieved 0.86 accuracy, 0.85 sensitivity, and 0.87
specificity.

Comparison with existing methods: For the Alzheimer’s Disease Neuroimaging Initiative study,
the model based on the baseline biomarkers achieved 0.77 accuracy. The accuracy of our model is
significantly better than the model based on the baseline biomarkers (p-value = 0.002).

Conclusions: We have presented a method to classify subjects based on structural dynamic
network model based scores. This method is of great importance to distinguish subjects based on
structural network dynamics and the understanding of the network architecture of brain processes
and disorders.
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Introduction

Studying brain networks has the potential to greatly advance our understanding of the
neuropathology of many neurological and psychiatric disorders. Magnetic resonance (MR)
imaging is routinely employed to study brain networks at macroscale resolution, because of
its widespread availability and safety (NIH 2013). T1-weighted structural MR imaging
(MRI) is an important imaging tool used to infer brain structural networks. T1-MRI data are
routinely acquired for clinical purposes, and therefore are readily available to study.
Researchers can analyze T1-MRI to estimate brain morphological features such as global
and regional volumes, or cortical thickness. Therefore, T1-MRI is widely used to study brain
networks in a number of developmental and pathological processes including brain
development(Zielinski, Gennatas et al. 2010), healthy aging(Montembeault, Joubert et al.
2012), Alzheimer’s disease (AD)(Reid and Evans 2013), schizophrenia(Mitelman, Brickman
et al. 2005), autism(Zielinski, Anderson et al. 2012; Sato, Hoexter et al. 2013), and
stroke(Buch, Modir Shanechi et al. 2012).

Network inference refers to the process of reconstructing brain networks from MRI data.
Currently, one of the most widely used network inference methods for T1-MRI data is
structural co-variance modeling, which centers on detecting structural co-variance
associations(Alexander-Bloch, Giedd et al. 2013). The between-subject variation in a
morphological feature of a brain region is often associated with that in other brain regions.
Such associations are referred to as structural co-variance(Alexander-Bloch, Giedd et al.
2013). However, most existing network inference methods are designed to analyze data from
a cross-sectional study. The network model generated by such a method provides only a
static view of the interactions among brain regions.

We have proposed a network inference method for longitudinal T1-MRI data called
structural dynamic network analysis (SDNA)(Chen, Resnick et al. 2012). SDNA uses a
dynamic Bayesian network (DBN) to represent evolving inter-regional dependencies. The
major advantage of SDNA is that it can capture complicated interactions among temporal
processes.

Making predictions about individuals is a critical task in neuroscience and translational
medicine(Berner 2006; Poldrack, Halchenko et al. 2009). However, SDNA does not have the
capability for predictive modeling. Therefore, in this study, we propose a method, called
predictive structural dynamic network analysis (PSDNA), which uses the network generated
by SDNA for predictive modeling. PSDNA is based on the generalized likelihood ratio
(GLR) principle (Kay 1998) and DBN modeling. It can construct a network-based classifier
based on training data. For a new subject, PSDNA calculates a score that represents that
subject’s deviation from expected network patterns. This method is of great importance to
the understanding of the network architecture of brain processes and disorders.

Background

PSDNA is based on DBN modeling. A Bayesian network (Pearl 1988; Koller and Friedman
2009) is a compact representation of a joint probability distribution among a set of variables.
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In a Bayesian network, the joint probability is represented in factorized form which encodes
a set of conditional independences. A DBN (Koller and Friedman 2009; Chen, Resnick et al.
2012) is an extension of a Bayesian network that can model temporal patterns. Consider a
discrete-time stochastic process, in which a random vector y,= [y 4 ..., y,,,ﬂT follows the
distribution P(y,), where ¢indexes the time point, and y;is the M variable at time £ A DBN
is defined as a pair, (B, B_,), where B; is a regular Bayesian network that defines the initial
probability distribution P(y;), and B, defines the transition probability P(ys1 | V4). B— isa
two-slice temporal Bayesian network. The variables in the first slice of a two-slice temporal
Bayesian network do not have parameters associated with them, while those in the second
slice have associated conditional probability tables. In B_,, we assume that there are no
inter-slice edges.

B_, describes system dynamics, and is a crucial part of a DBN model. The interactions
among trajectories of different brain regions are encoded in the structure of B_,. The
strength of these interactions can be inferred based on conditional probability tables of
B_,Figure 1 depicts a hypothetical DBN which models brain volume changes in patients
with AD. This DBN involves three brain regions: the thalamus ( 7/), entorhinal cortex (£C),
and hippocampus (A). The conditional probability tables are in the right part of Figure 1.
Based on the conditional probability table of the hippocampus, when the entorhinal cortex is
in the state of “volume loss” at time ¢(£C;= volume loss), the probability of the
hippocampus undergoing volume loss at time #1 is 0.9. This is significantly higher than
when EC;= stable, regardless of whether the state of hippocampus at time £ This represents
a case in which morphological changes of the entorhinal cortex affect those of the
hippocampus.

DBNs for longitudinal MR data provide valuable information about the structural
interactions among brain regions and their regulation and coordination that cannot be
constructed using cross-sectional MR data. The network inference algorithm based on cross-
sectional data cannot describe network dynamics. In contrast, the transition probability
matrix, B—,, along with the initial probability distribution, is a powerful mathematical model
for trajectory analysis.

3. Methods

PSDNA centers on discriminating subjects at the individual level based on network models.
Let gbe a binary variable representing a subject’s group membership; g can be either a
demographic (such as young or old) or a clinical variable (such as disease or control). Our
goal is to build a decision-support system to generate a score that is predictive of g.

3.1 Data preprocessing

Data preprocessing includes image preprocessing and feature extraction (Figure 2). In order
to construct brain networks, we must define nodes (neural components) and edges among
these nodes. An atlas based approach for network modeling is widely used in brain network
research because of its computational tractability and reproducibility.(Bullmore and Bassett
2011) Therefore, we use a brain atlas to define nodes. During the feature-extraction phase,
we extract morphological features, such as volume or thickness, for each structure defined in
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a brain atlas, and repeat this process for each time point. We can use a pipeline based on
Freesurfer(Fischl 2012), FSL(Jenkinson, Beckmann et al. 2012), or SPM(SPM 2014) for
brain parcellation and morphological feature extraction in order to obtain regional
morphological features.

After obtaining regional morphological features, we calculate the change rate (Chen,
Resnick et al. 2012) to quantify the rate of change for structure kat time £ The change rate
is defined as

Q. k) — Q(t—1,k)
’(”k)_ Tiei-n > O

where T/t t-1) is the time interval between time fand #1, Q(Z, A) is the measurement of
brain structure kat time £ If /(¢ K) is less than a threshold, the structure A manifests volume
loss at time fwe set its state as ‘1’ (volume loss); otherwise, we set its state as ‘0’ (normal).

Let Pand 7 denote the number of the brain structures and the number of time points
respectively. For each subject, x;is a A-dimensional vector representing the regional
morphological feature of all brain structures at time # and the sequence X1.1 =(X1, ..., X7)
represents the regional morphological features for all time points. Then we can calculate the
change rate y,which is a ~dimensional vector representing the rate of change in regional
morphological measurement of all brain structures at time £ y1.1 =(y1, ..., Y 7) is the rate of
change for all time points. Let y;.1 (k) be the time series of subject k. n7is the total number
of subjects in the study. The collection of y,.1 for all subjects, denoted by Y=[y1.T (1), ...,
y1-1 (m], is the input to the next step.

3.2 Network inference

The goal of network inference is to construct a DBN from Y. We use the method described
in (Chen, Resnick et al. 2012) for network inference.

For a study involving 2 brain regions, B_, includes 2P variables: y( and y(*1) are variables
at time tand #1. y( and y(*1) are nodes in the first slice and second slice respectively of a
two-slice temporal Bayesian network. Determining the structure of B_, is equivalent to
inferring the parent set of A#1). This parent set is a subset of y(J. We use the BDe score
(Cooper and Herskovits 1992; Heckerman and Chickering 1995) to measure how well a
variable’s parent set can explain this variable. If 2Pis small, such as less than 10, the
REVEAL algorithm (Liang, Fuhrman et al. 1998) can be used to find a parent set. For each
node in the second slice, the REVEAL algorithm calculates the BDe scores for all subsets of
y(d, and searches for a subset which maximizes the BDe score. That is, the REVEAL
algorithm can find the global optimal solution for a study with a small number of regions.
For the case that m is large, we employ a heuristic search algorithm (Chen and Herskovits
2005) to identify the parent set of J(#*1) This algorithm can handle the study with thousands
of variables.
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After detecting the parent set of A1), we use the maximum-likelihood estimation (Koller
and Friedman 2009) to estimate the DBN parameters (the conditional probability tables of
the DBN). That is,

where 6 jix is the probability of Y;= kgiven that parent of Y;is in state /, NV is the number
of instances in which the variable Y;assumes state k and parents of Yjassumes state j, r;jis
the numbers of states of Yj, and A= XN

3.3 Classification

Our method includes two steps: network model generation and prediction. In the network
model generation step, we generate a DBN model for each group, and will thereby obtain
two models: M;, M-. The second step is classification. Our classifier is constructed based on
sample likelihood. For a given DBN model Mand a subject y1.7, the predictive distribution
of y; at time £1 is P(yys1, M). The sample likelihood of y;.7 is as follows:

Ly,.;»M

K
ZP
=1

t=2i

yilyt_l’M)’ (2)

where yi is the variable in region 7at time point £z P(y;| y~1, M) can be obtained based on

the conditional probability tables of the DBN model M. The sample likelihood of y;.7 is the
likelihood that y1 .1 is generated from M.

We use the GLR principle(Kay 1998) to generate a score which is predictive of g. For two
models, M, and M_, the GLR test statistic(Kay 1998; Fan and Jiang 2007), GLR(y1-1, M;,
M.), is defined as log(y1-1; M,) - log(y1.1; M-). We will use GLR(y1.T, My, M) as the
DBN-based score to predict g. Finally, we will use this score and other variables (clinical or
imaging) to train a classifier to classify g, using standard classifiers such as support vector
machines. For a new subject y;.1, we can calculate GLR(y1.-1, M, M), then use this score
to predict g.

4. Experimental Results

We validated PSDNA based on both simulated data and data from a study of normal elderly
and patients with AD.

4.1 Simulated data

In this experiment, we generated simulated time-series regional morphological feature data
for subjects in a case control study, and used PSDNA to discriminate subjects. For each
group (g =+ or -), we constructed a ground-truth DBN. This ground-truth DBN had 90
nodes representing 90 automated anatomical labeling regions. Since brain networks are
sparse and nodes are not densely connected (Sporns 2011; Chen, Resnick et al. 2012), each
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node JA%1) in this DBN had 1-5 parents. Based on this DBN, we generated simulated time
series for 100 subjects as training data and 500 subjects as testing data. Each subject had 4
observations. Therefore, this simulated study included a training data set with 200 subjects
(100 from the positive group and 100 from the negative group), and a testing data set with
1000 subjects (500 from the positive group and 500 from the negative group). We trained a
classifier using the training data set and evaluated its performance based on the testing data
set.

Network structure similarity is the similarity between the structure of M, and that of M. In
DBN, one way to define network structure similarity is to compare the parent sets. Let
NScommon denote nodes in the second slice, yx1, which has identical parent set across
groups. NSqommon 1S the common network architecture for both the positive and negative
groups. We defined p as the cardinality of the set NSg,;m0n divided by the total number of
nodes in the second slice. p is between 0 and 1. p=0 means that the structure of M, and that
of M_ are totally different; and p=1 represents that the structure of M, and that of M_ are
same. Network structure similarity has a significant impact on the classification
performance. We simulated data for different p. In our simulation, if a node YD had the
same parent set across group, we set the parent set of this node as JA9. If a node JA#1 had
different parent sets across group, then its parent set was randomly generated for each group.

Table 1 shows the PSDNA’s accuracy, sensitivity, and specificity for different network
structure similarities. For p=1 representing the structure of M, and that of M. are identical,
PSDNA’s performance is close to random. For p=0.95 which represents 4 nodes in the
second slice have different parent sets across groups, PSDNA can differentiate the positive
and negative group with high accuracy. For 0=0.8, PSDNA can perfectly separate the
positive and negative group.

This experiment demonstrated that PSDNA can discriminate subjects if the network
structures for different groups have small differences. That is, PSDNA is sensitive to the
network structure difference. This experiment also demonstrated PSDNA can handle
networks with a large number of nodes.

4.2 The Alzheimer’s Disease Neuroimaging Initiative (ADNI) study

We used PSDNA to discriminate cognitively normal elderly and subjects with AD. Most
studies conducted to date to discriminate AD patients and normal elderly were cross-
sectional and didn’t use temporal data(Colliot, Chetelat et al. 2008). Our approach to
addressing this problem is based on network dynamics. Therefore, our analysis could shed
light on evolving regional interactions in subjects with AD.

Data used in the preparation of this article were obtained from the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) database (adni.loni.usc.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
non-profit organizations, as a $60 million, 5-year public-private partnership. The primary
goal of ADNI has been to test whether serial MRI, positron emission tomography, other
biological markers, and clinical and neuropsychological assessment can be combined to
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measure the progression of mild cognitive impairment (MCI) and early AD. Determination
of sensitive and specific markers of very early AD progression is intended to aid researchers
and clinicians to develop new treatments and monitor their effectiveness, as well as lessen
the time and cost of clinical trials. The Principal Investigator of this initiative is Michael W.
Weiner, MD, VA Medical Center and University of California - San Francisco. ADNI is the
result of efforts of many co-investigators from a broad range of academic institutions and
private corporations, and subjects have been recruited from over 50 sites across the U.S. and
Canada. The initial goal of ADNI was to recruit 800 subjects but ADNI has been followed
by ADNI-GO and ADNI-2. To date these three protocols have recruited over 1500 adults,
ages 55 to 90, to participate in the research, consisting of cognitively normal older
individuals, people with early or late MCI, and people with early AD. The follow up
duration of each group is specified in the protocols for ADNI-1, ADNI-2 and ADNI-GO.
Subjects originally recruited for ADNI-1 and ADNI-GO had the option to be followed in
ADNI-2. For up-to-date information, see www.adni-info.org.

Our study included 174 cognitively normal elderly subjects and 191 subjects with AD. The
variable g indicates whether a subject had AD (g = +) or was a cognitively normal elderly
subject (g = -). All subjects were taken from the Alzheimer’s Disease Neuroimaging
Initiative (ADNI) database.(ADNI 2014) The ADNI general eligibility criteria are described
in the ADNI protocol summary page. Subjects in the ADNI study were followed up to five
times (baseline, 6 months, 12 months, 18 months, and 24 months). Subjects with at least two
follow-ups were included in our analysis. High resolution MR images were acquired per the
standard ADNI protocol. MR images were processed by ADNI investigators using methods
described in (Holland, Brewer et al. 2009). Volumes of the hippocampus, entorhinal,
fusiform, inferior temporal and middle temporal cortices were calculated; these structures
are known to be AD-related biomarkers.(Holland, Brewer et al. 2009) We normalized
regional volumes to the intracranial volume from the same MR volume. We calculated the
change rate 7z, k). Then we calculated the mean and standard deviation (SD) of (¢ k) for
subjects in the cognitively normal aging group, and calculated a value #(r,k) which was one
SD below the sample mean. If Az K) is smaller than #1r,k), the structure & manifests volume
loss at time ¢ we set its state as ‘1’ (volume loss); otherwise, we set its state as ‘0’ (normal).
We used the proposed algorithm to generate an SDNA-based predictive model to predict g.
In the classifier training step, we used the AdaBoost(Freund and Schapire 1996) method to
construct a classifier based on the training data.

The classification performances of different methods are listed in Table 2. Classification
performance was evaluated using ten-fold cross validation. We found that the method which
used GLR(yy.1, M, M-) achieved 0.80 accuracy, 0.71 sensitivity, and 0.89 specificity. This
result demonstrates that the network models generated by SDNA for cognitively normal
elderly and AD patients were different, and the SDNA-based score accurately predicted g.
We constructed a predictive model using the baseline regional volumes of these five brain
structures. This model achieved 0.77 accuracy, 0.71 sensitivity, and 0.83 specificity. We
found the GLR-based predictive model was comparable to that based on the baseline
biomarkers. Since a temporal process can be characterized by the baseline state and the state
transition probability matrix, we built a predictive model based on the baseline biomarker
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characterizing the baseline state and the GLR-based score which was constructed based on
the state transition probability matrix. We found this combined model achieved 0.86
accuracy, 0.85 sensitivity, and 0.87 specificity. This experiment clearly demonstrates SDNA-
based network patterns can be used to discriminate subjects at the individual level.

5. Discussion

We propose a new method, called PSDNA, to distinguish subjects at the individual level
based on structural dynamic network patterns. For each group, PSDNA generates a DBN to
represent evolving inter-regional dependencies. Then it calculates a SDNA-derived score
representing that subject’s deviation from expected network patterns. This SDNA-derived
score, along with other candidate predictors, are used to construct predictive models.

We validated PSDNA based on simulated data. The simulated data experiment demonstrated
that PSDNA can accurately classify subjects when the network structures for different
groups have small differences. For a network involving 90 brain regions, PSDNA can
perfectly separate the positive and negative group when 18 nodes in the second slice have
different parent sets across groups. PSDNA can separate the positive and negative group
with 0.91 accuracy when 4 nodes in the second slice have different parent sets across groups.
PSDNA is sensitive to the network structure difference. The simulated data experiment also
demonstrated PSDNA can handle networks with a large number of nodes. In the simulated
study, the brain network involves 90 nodes. Most brain atlases include a similar number of
brain regions.

The ability to distinguish subjects at the individual level is crucial in the clinical trial design.
To this end, many studies aimed to discriminate between the AD and control subjects in the
ADNI database (Weiner, Veitch et al. 2012). We applied PSDNA to the ADNI dataset to
discriminate between AD and controls. We found that the model using the SDNA-derived
score, GLR(y1.1, M:, M), achieved accuracy= 0.80, sensitivity=0.71, and specificity=0.89.
When combining the SDNA-derived score and baseline regional volumes, our classifier
achieved accuracy=0.86, sensitivity=0.85, and specificity=0.87. The accuracy of the model
based on SDNA-derived score and baseline regional volumes is significantly better than that
based on baseline volumes (two sample test for binomial proportions p-value = 0.002).

A temporal process is characterized by the baseline state and the state transition probability
matrix. In PSDNA, the baseline regional volumes characterize the baseline state, and the
SDNA-derived score is calculated based on the state transition probability matrix. Therefore,
in the ADNI experiment, we found that combining the SDNA-derived score and baseline
regional volumes is more accurate than using the SDNA-derived score or baseline regional
volumes alone. This suggests that a predictive model combining different sources of
information about a temporal process can achieve better performance than using them
individually. To date, most MR volumetry-based studies to discriminate between AD and
controls in the ADNI database had accuracy in the range of 0.76-0.89 (Weiner, Veitch et al.
2012). The mean accuracy is 0.83 (SD 0.04). The accuracy of PSDNA is higher than that of
most existing studies. This demonstrates PSDNA can accurately distinguish AD and controls
at the individual level.
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Although our algorithm is formulated to solve a binary classification problem, it can be
naturally generalized to the multi-class case. In multi-class classification, more than two
groups need to be discriminated. The group membership variable g takes values from {1, 2,
..., K}. The pairwise coupling method (Hastie and Tibshirani 1998) can be used to solve this
problem. In pairwise coupling, a binary classifier is constructed to distinguish between each
pair of classes, while discarding the rest of the classes. For a new case, a voting is performed
among the classifiers and the class with the maximum number of votes is the predicted class.

PSDNA is based on the Bayesian network representation. Bayesian networks have been used
to generate classifiers based on a broad range of data, including neuroimaging data (Chen
and Herskovits 2006; Chen and Herskovits 2007; Chen and Herskovits 2010; Wu, Li et al.
2011; Morales, Vives-Gilabert et al. 2013). We have proposed Bayesian network based
approaches to distinguish subjects at the individual level (Chen and Herskovits 2006; Chen
and Herskovits 2010). The major difference between methods in (Chen and Herskovits
2006; Chen and Herskovits 2010) and PSDNA is that methods in (Chen and Herskovits
2006; Chen and Herskovits 2010) used a regular Bayesian network representation and
cannot assimilate the temporal data, while PSDNA uses a DBN to represent evolving inter-
regional dependencies. A related work of PSDNA is (Chen, Resnick et al. 2012). The major
difference between (Chen, Resnick et al. 2012) and PSDNA is predictive modeling.
Although (Chen, Resnick et al. 2012) used DBN to represent evolving inter-regional
dependencies, it cannot be used to classify subjects at the individual level. PSDNA has the
classification capability.

One of the limitations of PSDNA is that it is region of interest (ROI) based. ROIs are defined
based on a brain atlas or prior knowledge. Each ROl is a node in the brain network. ROI
based methods are widely used in brain network research because they can reduce the
computation cost, facilitate comparisons across studies, and have the potential to increase
signal-to-noise ratio (Craddock, Jbabdi et al. 2013, Sporns 2014). However, boundaries of
ROIs may not be aligned with connectivity profiles. One way to address this problem is to
use a data-driven brain parcellation strategy(Craddock, James et al. 2012), and develop a
framework to merge the parcellation and network inference step (Chen and Herskovits
2005).

In the ADNI experiment, we validated the generated predictive models based on cross-
validation. In this experiment, cross-validation can provide reliable estimation about a
classifier’s generalizability because the sample size is large (174 cognitively normal elderly
subjects and 191 subjects with AD). Many ADNI-based predictive modeling studies also
used cross-validation to evaluate the classifier’s performance (Weiner, Veitch et al. 2012). A
further investigation about the classifier’s generalizability can be achieved by applying the
generated predictive model to an independent test dataset which has a similar study
population and imaging acquisition parameters to ADNI. This is one direction of our future
work.

We have presented a method to classify subjects based on structural dynamic network model
based scores. Our method generates a dynamic Bayesian network model for each group, and
then calculates a score representing that subject’s deviation from expected network patterns.
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This method is of great importance to the understanding of the network architecture of brain
processes and disorders.
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Highlights
. A network-based predictive modeling method for longitudinal MR data
. A DBN represents complex spatiotemporal interactions among brain regions

. Classifying AD patients and normal elderly using SDNA-based scores
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Figure 1.
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Figure 2.
Image preprocessing
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Table 1
Classification performance of simulated data

Network structure similarity | Accuracy | Sensitivity | Specificity
1.0 0.468 0.396 0.540

0.95 0.908 0.900 0.916

0.9 0.997 0.998 0.996

0.85 0.999 1 0.998

0.8 1 1 1

0.5 1 1 1
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Table 2
Classification performance of the ADNI study
Method Information source Accuracy | Sensitivity | Specificity
GLR Temporal dynamics 0.80 0.71 0.89
Baseline volumes Baseline information 0.77 0.71 0.83
GLR + baseline volumes | Temporal dynamics and baseline information | 0.86 0.85 0.87
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