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ARTICLE INFO ABSTRACT

Functional MRI (fMRI) quantifies brain activity non-invasively by measuring the blood oxygen level dependent
(BOLD) response to neuronal activity. It was recently demonstrated, on realistic fMRI simulations, that nonlinear
connectivity approaches, such as Mutual Connectivity Analysis with Local Models (MCA-LM), are better suited
for extracting connectivity measures than conventional techniques of cross-correlating time-series pairs. In this
work, we investigate the application of MCA-LM in extracting meaningful connectivity measures aiding in
distinguishing healthy controls from individuals presenting with symptoms of HIV Associated Neurocognitive
Disorder (HAND), which occurs as a result of HIV infection of the central nervous system. The pairwise con-
nectivity measures provide a high-dimensional representation of connectivity profiles for subjects and are used
as features for classification. We adopt feature selection (FS) techniques reducing the number of redundant and
noisy features, while also controlling the complexity of the classifiers. We investigate three FS techniques: 1)
Kendall's 7, 2) Information Gain Attribute selection 3) ReliefF and two classifiers:1) AdaBoost and 2) Random
Forests. Our results demonstrate that MCA-LM consistently outperforms correlation in terms of Area under the
Receiver Operating Characteristic Curve and accuracy. Improved performance with MCA-LM suggests that such
a nonlinear approach is better at capturing meaningful connectivity relationships between brain regions. This
demonstrates potential for developing novel neuroimaging-derived biomarkers for HAND. Furthermore, FS helps
identify connections between anatomical regions that are affected by HAND. In this work, we show that the
regions of the basal ganglia and frontal cortex, which are known to be affected by HAND according to current
literature, are identified as most discriminative.
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space reconstruction (SSR) from time-series data work well for esti-
mating directed connectivity from realistic simulations of fMRI data

1. Introduction

Signals measuring brain activity are obtained noninvasively using
neuroimaging techniques like functional magnetic resonance imaging
(fMRI). FMRI indirectly measures neural activity by quantifying the
blood oxygen level dependent (BOLD) response to neuralactivity. Such
a measure of brain activity is a complex function of cerebral blood
volume, cerebral blood flow and the metabolic rate of oxygenation [1].
Connectivity analysis of fMRI data is carried out to uncover the un-
derlying network structure of interactions between different regions in
the brain. Recently, it was demonstrated that methods adopting state

[2]. This approach, originally formulated for estimating causal influ-
ences in complex ecological systems [3], uses delay-coordinate em-
bedding to extract a measure of non-linear causation between time-
series. Such an analysis called Mutual Connectivity Analysis with Local
Models (MCA-LM) [4] profiles every individuals brain as a set of con-
nections between individual voxels/regions, hence capturing the un-
derlying dynamics of the resting brain. MCA [4] estimates a measure of
nonlinear functional connectivity by estimating the mutual cross-pre-
diction between pairs of neurophysiological time-series through SSR.
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While fMRI sequences have been known to exhibit non-linear behavior
in the presence of a stimulus [5,6] and at rest [7-9], majority of the
literature on functional connectivity and multi-voxel pattern analysis
(MVPA) [10] have focused on linear approaches, such as cross-corre-
lation between time-series. In this work, we contrast the effectiveness of
MCA-LM for representing the underlying dynamics in the brain with the
more conventional approach of using functional connectivity analysis
with correlation, in the MVPA framework.

MVPA was developed for predicting cognitive states of an individual
recorded with fMRI when performing tasks in a scanner [10]. More
recently, its applicability to resting-state fMRI has been demonstrated
[11-14]. MVPA on resting-state data captures patterns of interaction
between voxel time-series to predict disease state. Its framework con-
sists of two steps: 1) To estimate measures of interactions between pairs
of time-series as a connectivity matrix for every subject. 2) To quantify
differences in connectivity between groups of subjects using machine
learning techniques. Interest in MVPA methods to characterize and
estimate discriminating features in brain connectivity of different sub-
ject groups has grown tremendously. It has been demonstrated to be
effective in classifying patients with depression [12,15], and other
psychiatric disorders [11,14,16-18]. The goal of our study is to in-
vestigate MCA-LM in the MVPA framework in quantifying differences in
brain connectivity of subjects presenting with HIV Associated Neuro-
cognitive Disorder (HAND) symptoms. Additionally, we compare per-
formance with correlation, to estimate measures of connectivity from
resting-state functional MRI (fMRI) sequences.

HAND is a co-morbidity associated with HIV infection due to the
release of neurotoxic viral protein from infected microglia, non-pro-
ductively infected glia cells and from perivascular infected/activated
macrophages. This neurotoxic milieu is thought to lead to neuronal
injury and dysfunction leading to clinically measurable cognitive im-
pairment. However, these clinical diagnostic approaches do not reveal
much about how neural connectivity within infected individuals is af-
fected. Additionally, although neuropsychological tests aid in diagnosis
of HAND once symptoms manifest, asymptomatic damage of the central
nervous system go unnoticed at early stages of infection. Hence, there is
a need for better diagnostic tools that are able to quantify changes in
the brain function at early stages.

Recent work investigating neuroimaging derived bio-markers for
detecting HAND with fMRI show promising results [19,20]. Further-
more, previous studies of subjects with HAND have demonstrated
changes in connectivity of the default mode network, fronto-parietal
network and basal ganglia [21-23]. In this work, in addition to learning
a model that can distinguish between subjects with HAND and healthy
controls, we investigate if MVPA with MCA-LM can potentially find
neuroimaging-derived biomarkers and help identify underlying neural
mechanisms for the symptoms of HAND. This is possible if predictions
on out-of sample data are better than random implying that dis-
criminative features are present in the neuroimaging data of the two
subject groups.

In the following sections, we: 1) describe the patient population and
the scanning parameters, 2) briefly discuss MCA-LM, feature selection
techniques and classifiers adopted, 3) compare prediction quality upon
using MCA-LM and correlation to generate connectivity matrices, and
4) investigate differences in connectivity measures between the two
subject groups.

2. Materials
2.1. Participants

Subjects in this study were recruited as part of a NIH funded study
(RO1-DA-034977) at the University of Rochester Medical Center.
Table 1 summarizes the demographic information of the subjects in this
study. No significant differences in age between the two subject groups
(p > 0.05) were observed. In total, 15 healthy controls and 14 HIV +

122

Magnetic Resonance Imaging 62 (2019) 121-128

Table 1

Demographic characteristics for the population used in this study. The p-values
indicate differences between control subjects and subjects presenting with
HAND symptoms.

Controls Subjects with HAND p-Value
symptoms
Mean  Std. Mean Std.
Number 15 14
Age 41.13 11.13 49.21 15.01 0.109
Gender (Male/Female) 8/7 10/4
HIV duration (years) N/A 10.98 9.28
Viral load (log10) N/A 1.85 1.77
CD4 (cells/mm®) N/A 601.21 395.22
Frame-wise displacement 0.282 0.090 0.380 0.180 0.069

(FwD)

subjects with symptoms of HAND were recruited as part of this study.
Of the subjects presenting with symptoms of HAND, 12 were diagnosed
with Advanced Neurological Impairment (ANI) and 2 were diagnosed
with Mild Neurological Deficit (MND). In HIV + individuals, the abso-
lute CD4 counts were 601 + 395 cells/mm?®, whereas plasma viral load
ranged from < 40/mL (undetectable) to 39,000 copies/mL. With the
exception of one individual, all HIV+ subjects were on a stable cART
regimen. Duration of HIV infection was calculated based on the time of
initial HIV infection diagnosis. However, this may not reflect the true
duration of the infection.

A standard battery of neuropsychological (NP) tests was used to
assess cognitive abilities of subjects, covering six cognitive domains:
executive function, speed of information processing, attention,
memory, learning, and motor function. These scores were converted to
age and education adjusted z-scores. An overall z-score combining the
scores from individual domains was generated and used to assess HAND
[24]. All participants provided written informed consent prior to par-
ticipation as per protocol approved by the institutional IRB.

2.2. Resting-state fMRI data

Functional MRI scans were obtained from the subjects at the
Rochester Center for Brain Imaging (Rochester, NY, USA) using a 3T,
Siemens Magneton TrioTim scanner. The study protocol included: (i)
High-resolution structural imaging using T1-weighted magnetization-
prepared rapid gradient echo sequence (MPRAGE, TE = 3.44ms,
TR = 2530 ms, isotropic voxel size 1 mm, flip angle = 7°). (ii) Resting-
state fMRI scans using a gradient spin echo sequence (TE = 23 milli-
seconds, TR = 1650 milliseconds, 96 times 96 acquisition matrix, flip
angle of 84°). The acquisition lasted 6 min and 54 s, and 250 temporal
scan volumes were obtained. A total of 25 slices, each 5 mm thick, were
acquired for each volume. During acquisition, the subject was asked to
lie down still with eyes closed. The data were acquired as part of a NIH
sponsored study (RO1-DA-034977).

Prior to computation of connectivity measures, the fMRI data used
in this study was preprocessed using standard methodology. For each
dataset, the first ten (of 250) volumes of functional magnetic resonance
images were removed to analyze only those in which steady-state
imaging had been reached. Next, motion correction, brain extraction
and correction for slice timing acquisition were performed. Additional
nuisance regression, was carried out to remove variations due to head
motion and physiological processes. This model included linear and
quadratic trends, signals from white matter and cerebrospinal fluid
using and motion parameters. Studies have shown that functional
connectivity measures may be affected by head motion [25,26] We
compared head motion across the two groups using the average frame-
wise displacement (FwD). No significant differences in FwD was ob-
served between the two groups (p > 0.05, Table 1). Each dataset was
finally registered to the 2 mm MNI standard space using a 12-parameter
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affine transformation [27]. All preprocessing steps were carried out
using the C-PAC software [28] and its corresponding dependencies in
FMRIB Software Library (FSL) [29]. Finally, the time-series were nor-
malized to zero mean and unit standard deviation to focus on signal
dynamics rather than amplitude [30]. Based on the commonly used
Automated Anatomic Labeling (AAL) template [31], the registered MRI
volumes were divided into 90 regions (excluding the brain stem and
cerebellar regions), 45 in each hemisphere. The cerebellar regions was
not included in this study since it is generally spared from the effects of
this disease [32,33] and it has been observed that HIV related impair-
ment exists primarily in the Fronto-Striato-Thalamo-Cortical circuits
and centers predominantly controlling executive functioning [34,35]. A
representative time-series for each region was computed by averaging
the time-series of all voxels within it.

3. Methods
3.1. Constructing connectivity profiles

3.1.1. Mutual connectivity analysis with local model

Nonlinear data-driven approaches applied on fMRI data do not as-
sume prior knowledge about the model driving a system and capture
the signal dynamics without explicitly modeling the hidden neuronal
state. Mutual Connectivity Analysis (MCA) [4] with local models (MCA-
LM) [2] establishes a measure of nonlinear association between every
pair of time-series in a system. For every subject, these measures are
represented as a connectivity matrix, quantifying the underlying dy-
namics of their resting brain. Here, we study the effectiveness of
quantifying non-linear dynamics in extracting relevant information
about connectivity in the resting human brain, thereby characterizing
patterns in fMRI data useful to distinguish the two subject groups.

Consider a system with two time-series, x and y, sharing a manifold
[36-38] which represents the system state space. If y influences x, es-
timates of the states of y can be obtained from that of x, but not vice
versa, unless x influences y [3]. A measure of causation is established
with local models, where the signature of the influencing time-series y
is looked for in the influenced series x. This is done by quantifying the
correspondence between the libraries of nearby points in the attractor
manifold built from x to that built from y. To put this simply, the
prediction quality of x cross-predicting y measures the influence y has
on x [3].

This approach uses local models to detect influences derived from
time delay-coordinate embedding methods. With delay-coordinate
embedding, time-series x is represented as a manifold My of dimension
d. M, is constructed using vectors x, = [x(t — (d — 1)), ..., x(t — 1),x
(0], and ted, ..., T. To obtain a cross-prediction of y using states of x
denoted as §\7|MX at a point t, i.e. ﬁ (t)|My, we obtain the d + 1 nearest
neighbors of x;, whose time-indices are used to identify nearest neigh-
bors of y(t) and obtain an estimate )/1\ (t)|My as follows:

d+1
P OIMy = Y wiy(t)
i=1 (@]
The cross-predicted estimate of )/1\(t)|Mx is established with
weighted average local models to detect non-linear dynamics derived
from time delay-coordinate embedding. The weights w;
(ied{l,...,d + 1}), are determined bya softmax function, such that the
first nearest neighbor x,, of x, has the highest weight,

2 12

e—\lx[—x[i
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If y influences x, the nearest neighbors of My correspond to those of
M,, and hence a good estimate of y is obtained. The similarity measure
between the estimated §|M and the original time-series y is estimated
by correlating the two time-series. This quantifies the ability of x to
cross-predict y. This measure quantifies a directed non-linear criterion
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of interaction, which is stored in a connectivity matrix S at matrix
element S y). In a similar manner, a measure of cross-prediction be-
tween every time-series pair is obtained. Further details can be found in

[3].

3.1.2. Functional connectivity using Pearson's correlation

Correlation measures the linear statistical association between two
time-series. We compare patterns of connectivity obtained using MCA-
LM with conventionally used correlation-derived measures. This is
performed by correlating every low pass filtered time-series with each
other. They time-series were filtered to the band 0.01-0.1 Hz to reduce
physiological noise. However, with MCA-LM the step of filtering the
data can be eliminated since MCA-LM can pick up higher order, non-
linear interactions [3] that simpler methods such as cross-correlation
cannot.

3.2. Multivoxel pattern analysis

MCA-LM and correlation produce connectivity profiles conveying
different information about regional time-series interaction. The con-
nectivity matrices are vectorized (after symmetrizing MCA-LM ma-
trices) such that each subject is represented as an N(N — 1)/2 feature
vector where N = 90, where N is the number of regions defined by the
AAL template.

3.2.1. Feature selection

Features correspond to measures of interaction between every pair
of regions in the brain, obtained from connectivity analysis. Feature
selection aims at extracting those interactions that best discriminates
controls from subjects with HAND; hence identifying connections most
relevant to the task of classifying the two populations. Additionally,
feature selection eliminates noisy irrelevant features, and reduces the
computational complexity of a classifier. Feature selection was per-
formed independently for every set of training/test set split. In this
study, we investigate three different feature selection approaches.
Feature ranking estimated by the different feature selection approaches
was used to select s features where s €{2,3,5,8,10, 15, 20, 25, 50, 80}.

Kendall's = coefficient:

Kendall's 7 coefficient [39] ranks each feature by its relevance to the
classification task by performing a test of independence between vari-
ables of different classes for every feature. The rank of each feature f is
given by the magnitude of 7, where s is given by:

T = ne — ng
4 my X my,

3

Here, m, is the number of positive subjects (subjects with symptoms
of HAND), my, is the number of healthy controls, n. is the number of
concordant pairs and ny is the number of discordant pairs. The total
number of sample pairs is m, X my, since the relationship between in-
stances belonging to the same group is not considered.

For attribute f and classes c, and ¢, for two instances, as and by re-
spectively, a concordant pair is given by sign(as — by) = sign(c, — ¢p)
and a discordant pair is given by sign(ay — by) = - sign(c, — ¢5). A po-
sitive z; indicates that the fth connectivity measure increases in the
patient population and vice versa for a negative 7. The absolute value
of 77 is used as a measure of relevance of a connection.

ReliefF:

The Relief feature selection introduced by [40] has been popularly
used in many feature selection tasks. Many modifications of this algo-
rithm have been proposed. We use the ReliefF feature selection which is
more robust to noise and can be generalized to multi-class problems.

For a two class problem, ReliefF updates the rank of an attribute by
assigning a high score to those attributes that are different between the
classes. This is done by using two sets of n nearest neighbors to a ran-
domly sampled instance. One set of neighbors are those that belong to
the same class as the instance and the other set belongs to the second
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class. Further details about the algorithm can be found in [40,41].

Information Gain Attribute selection (IGAS):

Information gain is an entropy-based feature selection technique
that evaluates an attributes quality by measuring the gain in informa-
tion with respect to a class, ¢ [42]. This is done by measuring the gain in
entropy of class, ¢, when knowledge of attribute, f, is used.

IG(c.f) = H(c) — H(c 1 f) 4

Here, IG is the information gain and H is the entropy.

In this study, we used 100 different train/test separations to in-
vestigate generalizability of the classifiers. Since the feature ranking
was based on the training data, we obtain 100 different feature rankings
for the dataset with slightly different scores for each interaction mea-
sure across iterations. We obtained consensus features scores by the
average of scores across iterations for all connectivity measures [12].
Such features provide meaningful insights about how connectivity be-
tween regions are affected as a consequence of a disease.

3.2.2. Classifiers

To test the discriminative ability of the ranked features, using the
above mentioned feature selection approaches, classification was per-
formed. The AdaBoost [43] and Random Forests [44] classifier were
used. AdaBoost and Random Forests are both ensemble classifiers that
use an ensemble of weak classifiers to produce a strong classifier. Weak
classifiers are those that can give accuracies just above random chance.
The AdaBoost classifier consisting of decision stump classifier is used in
this study. Random forests are comprised of a number of decision trees
on different bootstraps of the training dataset. Generally, the para-
meters of the classifier, hyperparameters, are selected by dividing the
dataset into train, development and test sets. The development set is
used to select the hyperparameters. However, limited by the sample
size in this study, dividing the dataset into train, development and test
sets, would greatly reduce the data size used for training. Thus, to we
use the default parameter settings from WEKA to compare performance
of MCA-LM and correlation.

The WEKA [45] implementation of ReliefF, Information Gain At-
tribute selection (IGAS), AdaBoost and Random Forests were imported
into MATLAB 2016 and used in our analysis. A flowchart of the steps

—>
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analysis

Repeat for all subjects

Connectivity
matrix
fier.
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involved in the analysis is provided in Fig. 1.

3.2.3. Classification performance metrics

Strict separation between training and testing data was carried out,
with 90 % /10% train/test separation within an iterative cross-valida-
tion scheme. Both feature selection and training of classifier was per-
formed on the training data. The data set was divided in such a way that
the classifier received an equal number of subjects from both groups
during training in order to prevent bias towards a particular class.
Furthermore, the test set had at least one instance from both classes.
The 100 splits were created ensuring no redundant train/test splits. The
classifier performance was evaluated using accuracy of classification
and the Area under the Receiver Operator Characteristic Curve (AUC).
An AUC of 1 indicated perfect classification while an AUC of 0.5 in-
dicates random classification.

4. Results
4.1. Classification performance

Figs. 2 and 3 show the plots of the AUC and accuracy values for 100
different training/test splits of the data. In all six combinations, the
superiority of MCA-LM as compared to correlation can be clearly seen.
It is also interesting to note that increasing the number of features does
not improve performance, especially for the random forest classifier. Of
the three feature selection approaches investigated, Kendall's = performs
the best for both classifiers. With MCA-LM connectivity measures as
features, the mean AUC for AdaBoost classifier varies from 0.89 to 0.78
and mean accuracy varies from 0.86 to 0.72, while with Random for-
ests, AUC varies from 0.89 to 0.67 and accuracy from 0.85 to 0.64
across different feature selection techniques and number of features
retained. With correlation measures as features, the mean AUC for
AdaBoost classifier varies from 0.86 to 0.67 and mean accuracy varies
from 0.81 to 0.65, while with Random forests, AUC varies from 0.86 to
0.62 and accuracy from 0.82 to 0.62 across different feature selection
techniques and number of features retained. The black dots corre-
sponding to the number of features selected indicates if MCA-LM and
correlation are significantly (p < 0.01) different from each other for

Fig. 1. Flowchart of steps involved in clas-
sifying healthy controls and patients pre-
senting with HAND symptoms using
resting-state fMRI. First, the resting-state
fMRI data is preprocessed following which
regional  time-series are extracted.
Subsequently, we obtain the connectivity
matrix using either MCA-LM or correlation
for each subject. These vectorized matrices
are representative feature for every subject
which are used to train and test the classi-
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Fig. 2. Plot of AUC for the three feature selection approaches using two classifiers. Shaded regions above and below each solid line, corresponding to the mean AUC,
represents the 95% confidence interval of the AUC value. The general trend observed here is that MCA-LM outperforms correlation. The black dots corresponding to
the number of features selected indicates if MCA-LM and correlation are significantly (p < 0.01) different from each other for the given number of features.
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Fig. 3. Plot of accuracy for the three feature selection approaches using two classifiers. Shaded regions above and below each solid line, corresponding to the mean
accuracy, represents the 95% confidence interval of the accuracy value. The general trend observed here is that MCA-LM outperforms correlation. The black dots
corresponding to the number of features selected indicates if MCA-LM and correlation are significantly (p < 0.01) different from each other for the given number of

features.
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Fig. 4. Consensus feature scores using Kendall's 7 feature section for MCA-LM (left) and plot of the 100 most relevant connections obtained from the consensus
features scores (right). Left: Colors indicate strength of the score assigned to each feature. Warmer colors represent an increase in the interaction strength in patients
with HAND symptoms as compared to healthy controls and vice versa with respect to cooler colors. For the sake of image clarity, the left and right hemisphere's are
averaged to give one value. Right: Ranking of the absolute value of the consensus features gives the most relevant connections. The left and right hemisphere part of
each region are within the square of the grid, where the regions name is on the x- and y-axis. Interactions between the caudate and most regions are affected.

Additionally, the fronto-striatal connectivity is different between groups.

the given number of features. Here, we observe that MCA-LM is sig-
nificantly better than correlation for different combinations of feature
selection techniques. Sensitivity and specificity (supplementary mate-
rial) also demonstrate the superiority of MCA-LM over traditional cor-
relation based approaches.

4.2. Changes in resting-state connectivity in subjects with HAND symptoms

MCA-LM with Kendall's ¢ features is the most discriminative
amongst both connectivity analysis and all feature selection combina-
tions as evident by the high AUC and accuracy values (Figs. 2 and 3).
Hence, we investigate interactions that were most important in dis-
criminating between the two subject groups. To this end, consensus
features scores [12] (described in Section 4) are used to produce re-
levance scores and ranking Fig. 4. Fig. 4a depicts the consensus feature
scores. Here, the colors indicate the strength of the score to each feature
assigned using Kendall's 7. Although we display scores calculated by
Kendall's 7, similar features were selected by all the other feature se-
lection approaches. Warmer colors in Fig. 4a represent those interac-
tions that were very relevant to the task of discriminating the two
groups and vice versa with respect to cooler colors. Studying Fig. 4a we
see that the regions most affected by the viral infection of the brain are
the caudate, putamen, pallidium and thalamus (basal ganglia). In ad-
dition, changes in the frontal cortex were observed. These regions have
been shown to be affected by HIV infection of the brain. Fig. 4b is a plot
of the 100 most relevant features in order of relevance where maroon
indicates most relevant connection (i.e. highest consensus score) and
dark blue indicates the 100th relevant connection. Here we see that
interactions between the caudate and most other regions are very re-
levant.

126

5. Discussion

Based on our analysis, results suggest that MCA-LM outperforms
conventionally used methods of correlation in the MVPA framework,
consistently over a number of features, different feature selection
techniques and different classifiers. This indicates that MCA-LM can
capture meaningful information about network characteristics from
brain activity data. Previously, on realistic simulations of fMRI data, it
was demonstrated that MCA-LM can reproduce the underlying network
in close agreement to the ground truth network structure [2]. It's ability
can be attributed to the flexibility of its nonlinear modeling scheme. In
addition to characterizing network structure well, MCA-LM seems to be
able to pick up subtle differences in the underlying network structure
between the two groups of subjects as compared to correlation. Hence,
the improved classification performance.

Since the MVPA framework with MCA-LM, feature selection fol-
lowed by classification, provides good classification results, we in-
vestigated the features selected to study interactions found to be re-
levant. Feature selection was adopted since it can reveal regional
interactions that are the most discriminative. Fig. 4a shows the Ken-
dall's = coefficient scores for all the regions. The connectivity of the
caudate region within the basal ganglia to most other regions is altered
in our cohort which is in line with previous studies. Dysfunction in the
caudate can possibly lead to cognitive deficits affecting learning,
working memory and executive functioning [35]. Furthermore, it has
been previously shown that metabolic dysfunction [46] and histologic
abnormalities [47] have been detected in the basal ganglia of patients
with HIV infection.

We were also interested in taking a closer look at the most relevant
features estimated for the connectivity matrices generated using MCA-
LM. Fig. 4b shows plots of the 100 most relevant connections obtained
using Kendall's 7 feature selection approaches on MCA-LM connectivity



A.M. DSouza, et al.

matrices represented as a matrix of relevant interactions. All three
feature selection techniques pick up similar sets of relevant features for
each of the connectivity analysis approaches. Interactions between the
caudate and most regions are very relevant. Particularly, the fronto-
striatal connectivity seems to be affected. These interactions play a role
in executive functioning and have been implicated in the progression of
HAND previously [48]. Additionally, the connectivity within the su-
perior frontal regions and also from these regions to the supplementary
motor areas are relevant for distinguishing the subjects. The good
classification results and meaningful neuroimaging-derived biomarkers
motivates use of such nonlinear models, especially to extract clinically
relevant biomarkers.

Limitations and future work.

In this study, we obtain measures of connectivity between regions
using MCA-LM. Our results suggest that MCA-LM outperforms con-
ventionally used correlation in the MVPA framework. However, in the
future it would also be interesting to evaluate MCA-LM the with other
nonlinear techniques such as [49,50]. Furthermore, we acknowledge
that this study is limited by the sample size. In this work, we obtain
relevant features, corresponding to regional interactions, that are dif-
ferent between healthy controls and individuals with HIV associated
neurocognitive disorder. However, to derive statistically meaningful
differences between regional interactions amongst healthy individuals
and individuals presenting with symptoms of HAND a more robust,
multi-site analysis with larger number of samples should be carried out
[51]. Additionally, it would be of interest to conduct a longitudinal
study with HIV individuals who do not have symptoms of neurode-
generation initially but develop them over time. It would be of great
value to the scientific community if such a framework can perform
early detection of HAND, since neuronal level changes can manifest
much before cognitive symptoms appear, [52,53].

6. Conclusion

In this paper we investigate the effectiveness of Mutual Connectivity
Analysis (MCA) with Local Models to quantify underlying non-linear
interaction between resting-state brain activities across regions and
subsequently, discriminate between healthy controls and patients with
HAND. We also compare the effectiveness of MCA-LM against con-
ventionally used functional connectivity analysis such as correlation in
classifying the two groups. In addition, we study the changes in inter-
action between brain regions, as defined based on the AAL template, as
a result of neurodegeneration on account of HIV infecting the brain.

Each subject is represented by a high-dimensional vector of features,
where, the features are pair-wise interaction measures quantified by
MCA-LM. Similarly, correlation was used as another measure of time-
series interaction. As such, all the subjects were represented by two sets
of features, one derived using MCA-LM and the other derived with
correlation. Good classification results with MCA-LM indicates that
such a measure of connectivity quantifies interaction between different
brain-regions well. Improved performance as compared with correla-
tion suggests that MCA-LM carries more meaningful and clinical useful
information. MCA-LM outperforms correlation for all six different
combinations of feature selection and classification for varying number
of selected features. Feature selection on connectivity measures help
select the most discriminant connections giving an idea of changes
occurring at a local level. The fronto-striatal circuitry seems to be
particularly affected in subjects with HAND.

In conclusion, MCA-LM method has the potential to provide clini-
cally useful information about how the underlying dynamics of the
resting human brain differs between subjects presenting with symptoms
of HAND and healthy controls. Such an exploration can aid in un-
covering neural mechanisms underlying development of symptoms of
HAND. This may be instrumental in providing additional information to
advance understanding of the pathophysiology of HAND. Besides HIV
related brain disease, we conjecture that our method may be applicable
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to serve as a diagnostic biomarker for other neurologic conditions as
well.
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