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Abstract

HIV-associated neurocognitive disorders (HAND) represent an important source of neurologic
complications in individuals with HIV. The dynamic, often subclinical, course of HAND has
rendered diagnosis, which currently depends on neuropsychometric (NP) evaluation, a challenge
for clinicians. Here, we present evidence that functional brain connectivity, derived by large-scale
Granger causality (IsGC) analysis of resting-state functional MRI (rs-fMRI) time-series, represents
a potential biomarker to address this critical diagnostic need. Brain graph properties were used as
features in machine learning tasks to 1) classify individuals as HIV* or HIV~and 2) to predict
overall cognitive performance, as assessed by NP scores, in a 22-subject (13 HIV ™, 9 HIV*)
cohort. Over nearly all seven brain parcellation templates considered, support vector machine
(SVM) classifiers based on IsGC-derived brain graph features significantly outperformed those
based on conventional Pearson correlation (PC)-derived features (p <0.05, Bonferroni-corrected).
In a second task for which the objective was to predict the overall NP score of each subject, the
IsGC-based SVM regressors consistently outperformed the PC-based regressors (p <0.05,
Bonferroni-corrected) on nearly all templates. With the widely used Automated Anatomical
Labeling (AAL90) template, it was determined that the brain regions that figured most strongly in
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the SVM classifiers included those of the default mode network (posterior cingulate cortex,
angular gyrus) and basal ganglia (caudate nucleus), dysfunction in both of which have been
observed in previous structural and functional analyses of HAND.
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1. Introduction

HIV-associated neurocognitive disorders (HAND) are a spectrum of cognitive, motor, and
behavioral symptoms that occur in over a quarter of individuals infected with HIV [41] and
are associated with significant decreases in health-related quality of life, even among
subjects on combined antiretroviral therapy (CART) with well-controlled viral loads [51].
Clinically, HAND present a diagnostic challenge due to the often subtle and dynamic course
of cognitive impairment. The Frascati diagnostic consensus [3], based on neuropsychometric
(NP) testing, suffers from numerous shortcomings, including lack of sufficient sensitivity
and specificity for HAND, as well as susceptibility to learning effects, socioeconomic status,
and other confounding factors [54, 36]). Additionally, NP testing-based approaches
necessarily cannot detect the disease before the emergence of neuropsychiatric signs. There
is thus a substantial need for improved biomarkers of HAND.

Blood oxygen level-dependent (BOLD) functional magnetic resonance imaging (fMRI) has
been extensively studied as a potential tool to address such diagnostic needs in a variety of
neurologic and psychiatric disorders, including HAND [5, 7, 1]. During an attention task, it
was found that HIV* subjects exhibited greater BOLD activity in the parietal and frontal
lobes than HIV ~ subjects [11]. Hyperactivations in the fronto-striato-parietal network in
HIV-infected subjects, particularly in the left inferior frontal gyrus and left caudate nucleus,
were also found in a meta-analysis fMRI studies [38]. Resting-state fMRI (rsfMRI)
analyses, performed in the absence of a stimulus or task, have gained particular prominence
in the past decade, as they can be used to uncover the functional connectivity structure of the
brain. Moreover, rsfMRI may have more clinical utility than task-fMRI, since the former is
not contingent on a patient’s ability to perform a task, which may be limited due to age or
disability. Functional connectivity disruptions have been found in HIVV* subjects, most
prominently in the default mode network, but also in the fronto-parietal network and basal
ganglia [50, 49, 18, 61]. These group level studies constitute a foundation of evidence on
which to pursue the aim of predicting clinically meaningful disease-related parameters at the
individual level. In this study, we train and test a machine learning model, using rsfMRI-
derived brain graph properties as features, to predict HIV-status and cognitive performance
at the level of individual subjects.

The optimal method for extracting connectivity maps from rsfMRI time-series is still an area
of active research. We thus compare the predictive ability of machine learning models
trained on graphs derived from three time-series analysis techniques, based on either
Pearson correlation or the principle of Granger causality, over several brain parcellation
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templates, which spatially cluster individual rsfMRI voxels into regions-of-interest (ROI).
We show that models based on large-scale Granger causality-derived brain graphs are more
robustly accurate than those based on conventional Pearson correlation-derived networks,
with regard to the prediction of both HIV-status and NP scores.

2. Materials & Methods
2.1. Subjects

This work was performed as part of an NIH sponsored study (R01-DA-034977), for which
subjects were recruited from the University of Rochester Medical Center in Rochester, N,
USA. Subjects with any of the following conditions were excluded: severe premorbid or
comorbid psychiatric disorders, chronic seizures, stroke, head trauma resulting in loss of
consciousness for greater than 30 minutes, non-HIV brain infection, dementia, alcohol or
drug abuse, any significant systemic condition that can alter brain function, metallic
implants in skull, cardiac devices, or claustrophobia. All subjects provided written informed
consent, in accordance with the study protocol reviewed by the institutional review board of
the University of Rochester. Cognitive status for all subjects was determined by NP testing.
The cohort was comprised of 13 cognitively normal HIVV™ subjects (mean age SD: 41+ 16y;
+ 6 females) and 9 cognitively impaired HIV* subjects (mean age + SD: 52 + 10y; 2
females). Of note, one subject in the HIV* cohort underwent neuroimaging and NP testing
in two separate sessions. This second session was considered as a separate subject, thus
bringing the total number of subjects in the HIV* cohort to 10. Among the subjects in the
HIV* cohort, all were diagnosed with asymptomatic neurologic impairment (ANI) with the
exception of one subject, who was diagnosed with mild neurocognitive disorder (MND),
using the criteria defined in [3].

Viral loads in the HIV* group were as follows: five subjects had a viral load of less than 50
copies/mL (three of these subjects had undetectable loads), three subjects had a viral load of
between 50 and 1000 copies/mL, and one subject had a viral load of nearly 40,000
copies/mL. CD4* T-cells in this cohort ranged from 253 to 1730 cells/zL. With the
exception of one individual, all HIV* subjects were on a stable cART regimen.

2.2. Neuropsychometric testing

A standard battery of NP tests were performed on all subjects and raw NP scores were
obtained for six cognitive domains: executive function (Stroop Interference Task and
Trailmaking Test Parts A and B), information processing speed (Symbol Digit Modalities
Test and Stroop Color Naming Task), attention (CalCAP(CRT4) and WAIS-111 Letter-
Number Sequencing Task), learning (Rey Auditory Verbal Learning Test (RAVLT) (trials 1-
5) and Rey Complex Figure Immediate Recall Test), memory (RAVLT Delayed Recall Test
and Rey Complex Figure Delayed Recall Test), and motor (Grooved Pegboard, left and right
hands). An overall score was also generated by combining those of the six domains. All
seven scores were then converted to an age- and education-adjusted z-score, as described in

[3].
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2.3. Neuroimaging data acquisition

Subjects underwent MRI scanning using a 3.0T Siemens Magnetom Trio-Tim system
(Siemens Medical Solutions, Erlangen, Germany) housed at the Rochester Center for Brain
Imaging (Rochester, NY, USA). A high-resolution structural T1-weighted scan was acquired
using a magnetization-prepared rapid gradient echo (MPRAGE) sequence with the following
scan parameters: echo time = 3.44ms, repetition time 2530ms, isotropic voxel size = 1mm,
flip angle = 7, acquisition time = 3min. BOLD fMRI data were acquired using echo planar
imaging with the following scan parameters: echo time = 23ms, repetition time = 1650ms,
flip angle = 84, 96 x 96 acquisition matrix. 250 brain volumes with 25 slices separated by
5mm were acquired for each subject.

2.4. fMRI preprocessing

Preprocessing steps were performed using the FMRIB Software Library (FSL, version 5.0,
http://fsl.fmrib.ox.ac.uk/) [46]. The first 10 brain volumes for each subject were discarded to
eliminate initial saturation effects of the BOLD signal. Subsequently, head motion
correction, slice timing correction, brain extraction, and registration to the standard Montreal
Neurological Institute (MNI1152) atlas space [33, 34] was performed. Removal of the whole
brain time-series, as well as correction for head motion and physiologic processes, was done
using a nuisance regressor. High-pass filtering was performed to remove signal drifts.
Individual voxel time-series were normalized to have a standard deviation of 1 unit and a
mean of 0 units in order to prioritize signal dynamics over amplitude [59].

2.5. fMRI spatial parcellation

The preprocessed fMRI scans were spatially subdivided into regions of interest (ROISs)
according to seven different parcellation templates: the Automated Anatomical Labeling
(AAL90) [52], Harvard-Oxford (HO138) [16], Brainnetome (BN246) [21], and Craddock
spectral clustering templates (Craddock100, Crad-dock200, Craddock563, and
Craddock831) [14]. These seven templates were chosen because they are widely cited in
fMRI literature and because they span a wide range of spatial resolutions (the number in the
abbreviated name for each template specifies the number of ROIs). ROI time-series were
generated by taking the mean of the time-series from all constituent voxels.

2.6. Time-series analysis and graph generation

For each subject, brain graphs representing the functional connectivity of brain regions were
constructed using Pearson correlation (PC) and large-scale Granger causality (ISGC). PC is a
bivariate and symmetric method that summarizes the association between two time-series as
their covariance normalized by the product of their standard deviations. PC was performed
both with and without band-pass filtering (.038 Hz.076 HZ) the ROI time-series. IsGC [17,
45, 37, 44, 60] is a multivariate and —directional method that is built on the principle of
Granger causality (GC) [22], in which time-series A is said to Granger-cause time-series B if
the inclusion of information from time-series A in a predictive autoregressive model of time-
series B decreases the variance of the residuals between the predicted and actual time-series
B. Unlike conventional GC, however, IsSGC can be extended to high-dimensional systems
due to the embedding of a dimension reduction step using principal components analysis.
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The two IsGC model parameters, autoregressive order (o), i.e., the number of past time-
points that are used to predict a future time-point, and the number of principal components
used to define the low-dimensional space (¢), were optimized using a 10x10 grid search with
5-fold cross-validation on the AAL90 template.

Analysis of the preprocessed fMRI time-series with PC or IsGC generates nxn affinity
matrices, where 7is the total number of ROIs in the parcellation template. Each entry in the
affinity matrices represents the association (detected either by PC or IsGC) of a pair of ROI
time-series. Subsequently, the largest 30% of the entries in each affinity matrix were set to 1
and the remainder were set to 0 [31, 43]. This thresholding process allows the matrix to be
considered as a binary graph, in which the nodes represent ROIs and the edges connecting
the nodes represent functional connectivity between ROIs.

2.7. Graph property computation

The following local properties were calculated for each node of the brain graphs. /n-degree:
The sum of all incoming edges for a particular node. Out-degree: The sum of all outgoing
edges for a particular node. 7otal-degree. The sum of all edges incident on a particular node,
regardless of direction. /n-degree and out-degree were calculated for directed IsGC-derived
graphs, while 7otal-degree was calculated for symmetric PC-derived graphs. Clustering
coefficient. The fraction of connected triples centered on a node that are also triangles (a
connected triple is a set of three nodes for which one node has direct incoming or outgoing
edges to the other two; a triangle is a set of three nodes that are all directly connected by
either outgoing or incoming edges). Betweenness centrality. The fraction of all shortest
paths in a graph that pass through a particular node [35] (the shortest path between nodes 7
and 7 is the minimum number of edges that must be traversed to travel from 7to /, if such a
path does not exist for a given pair of nodes, as might happen when a graph becomes
disconnected, then the maximum finite path length for the entire graph is assigned as the
shortest path length between that pair of nodes).

The following global properties were also calculated for each brain graph. Degree variance:
the variance in the number of incoming, outgoing, or total edges of all nodes in a graph. /n-
degree variance and out-degree variance were calculated for directed IsGC-derived graphs,
while fotal-degree variance was calculated for symmetric PC-derived graphs, as /in-degree
and out-degree are identical for symmetric graphs. Modularity. The extent to which a graph
can be partitioned into Louvain community detection algorithm-defined modules [10],
which have high intramodular connectivity and low intermodular connectivity. Assortativity.
The correlation coefficient between the total degree of nodes on opposite ends of all edges in
a graph [35]. Small-worldness. The ratio of the random graph-normalized global clustering
coefficient and the random graph-normalized shortest path length [56]. Degree distribution-
matched random graphs were produced for each empirical brain graph by iteratively
rewiring each edge approximately 10 times. Generation of the random graphs and
calculation of the graph parameters were performed using the Brain Connectivity Toolbox
(brain-connectivity-toolbox.net) [40] in MATLAB (2017b, The MathWorks, Natick, MA).
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2.8. Machine learning and feature analysis

Each brain graph property and each NP domain score was normalized across all subjects to
have a mean of 0 and a standard deviation of 1. All graph properties for each subject were
then concatenated into a single feature vector and used as the input features for a linear
support vector machine (SVM) model [13] with ridge regularization [25]. To train and test
the model, a 10-fold iterative cross-validation scheme was employed, in which the full data
set of brain graphs from all 23 subjects was randomly split into 10 folds. In each iteration, 9
of these folds were used to train the model and the remaining fold was used to test the
performance of the learned model. This procedure was then repeated 100 times with
redefined data folds.

The outputs of the SVMs for each subject were either the predicted HIV status or NP scores.
For the HIV*/~ classification task, performance on the testing set was assessed using the area
under the receiver operating characteristic curve (AUC). An AUC of 1 indicates perfect
classification while an AUC of 0.5 indicates a classification performance that is no better
than random chance. For the NP score regression, performance was assessed the coefficient
of determination R2. This scheme was iterated 100 times and distributions of the
corresponding performance metrics were obtained.

To analyze the relative importance of each brain graph property in the classification task, the
mean magnitude of the weights the /8;/in all of the cross-validated models using brain graph
features extracted from the AAL 90 template was computed. Subsequently, the weights were
ranked and the features /corresponding to the 10 largest /3;/were considered the top
features.

To generate surrogate null distributions for the regression SVMs, the NP scores from each
cognitive domain were permuted, such that each subject was randomly assigned a set of NP
scores drawn from the pool of same-domain NP scores of all subjects. The 10-fold cross
validation scheme described above was applied to the permuted samples.

3. Results

3.1. Classification of HIV* and HIV™ subjects

As can be seen in Figure 1, the performance of the IsGC-based SVM classifiers significantly
outperform those of both the unfiltered correlation-based and band-pass filtered correlation-
based methods across all templates considered, with the exception of the Craddock 100
template, in which the performances of the band-pass filtered correlation model and the
ISGC model are similar (p >0.05). Moreover, while the performances of both correlation-
based models vary substantially across templates, that of the IsSGC-based model is relatively
stable over different templates. The relative SVM model weights /3;/ of the top 10 features in
the three classification runs on the AAL 90 template-derived brain networks are shown in
Figure 2. Note that the top features for the IsGC-based model include features extracted
from brain regions in the default mode network (DMN) and basal ganglia. In particular, the
right and left posterior cingulate cortex and the left angular gyrus of the DMN are strongly
weighted in multiple models. The only basal ganglia region among the top 10 features in any
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of the three models is the caudate nucleus, which is the fourth most strongly weighted
feature in the IsGC model.

3.2. Prediction of cognitive performance

The neuropsychometric (NP) z-scores from each of the seven cognitive domains were
compared across the two cohorts. It was found that the mean executive function, attention,
learning, memory, motor, and overall z-scores were significantly lower in the HIV* group
than the HIVV ™ group (FDR controlled p <0.05, one-sided Wilcoxon rank-sum test [8]). Of
these, the most commonly affected cognitive domain, assessed by the number of HIV*
subjects who had domain-specific z-scores less than —1.0, was motor function; 5 HIV*
individuals had motor z-scores less than —1.0 and an additional 2 HIV* individuals had
motor z-scores less than 0.

Figure 3 shows that the IsSGC-based SVM models perform significantly better in predicting
overall cognitive performance, as indicated by larger /2 values, than either of the
correlation-based models across nearly all the templates used. The only exception is the
AAL 90 template, in which the performance of the IsGC-based model and that of the
unfiltered correlation-based model do not exhibit a statistically significant difference.
Moreover, over all the templates, the distribution of IsGC performances was substantially
different from the corresponding null distribution, generated by randomly permuting the NP
score assignments of the subjects.

4. Discussion

The motivation for applying ISGC to obtain brain graphs in addition to traditional
correlation-based methods arises from the limitations of bivariate and non-directional
methods for the analysis of such a complex and high-dimensional system as the brain. For
instance, though Pearson correlation is the most widely used method for performing
functional connectivity analyses of the brain, it cannot distinguish indirect from direct
connections, as multivariate methods can [47]. Limited multivariate Granger causality
formulations have been implemented for functional brain connectivity analysis [29], but the
mathematical constraints imposed by the fact that the number of variables, i.e., ROIs,
exceeds the number of temporal samples collected prevent the application of such methods
to high ROI parcellations or voxel-wise analyses. The dimension reduction step of IsGC
allows for this problem to be circumvented. Additionally, though many of the connections in
the brain have feedback projections in the opposite direction, asymmetric connectivity in the
mammalian brain has also been anatomically verified [27, 26]. The fact that IsGC allows for
the inference of directional connectivity may explain the improved performance of IsGC
over correlation-based methods in HIV disease state and cognitive score prediction. Indeed,
asymmetric functional connectivity has been observed in ROIs of the DMN, including the
posterior cingulate cortex and the ventromedial prefrontal cortex [53], which are known to
be affected by HAND [49, 61]. Moreover, it was recently shown that global properties of
brain graphs generated by another directional connectivity analysis method, mutual
connectivity analysis with a generalized radial basis function neural network, were linearly
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associated with NP scores in two cognitive domains, whereas those generated using PC on
the same cohort were not associated with NP scores in any domain [1].

The optimal parcellation template for functional connectivity analyses is not known, as
every template has advantages and disadvantages. For instance, although structural
parcellations, such as the AAL90 and HO138, are grounded in the anatomical boundaries of
brain tissue, there is evidence to suggest that the resultant ROIs do not reflect the functional
organization of the underlying tissue [32, 14]. Functional parcellations, such as the
Craddock templates, address this issue by generating ROIs on the basis of spatiotemporal
clusters in the rsfMRI data. One potential limitation of such data-driven parcellations,
however, is their sensitivity to fMRI preprocessing steps, such as spatial smoothing and
registration [14]. Other types of parcellations have also been used in the literature, such as
randomly defined ROIs and the BN246 atlas, which was generated by subdividing the ROls
of an existing anatomical atlas by incorporating probabilistic tractography data derived from
diffusion tensor imaging (DTI) [21]. While most published rs-fMRI network studies use the
AAL90 template, it is not clear if the conclusions on brain connectivity and disease
prediction made on the basis of one template are intrinsic characteristics of the brain or
simply artifacts of that template. Reproduction of the results across other parcellation
templates, however, suggests that the findings are truly a feature of the data, rather than of
the processing pipeline. In Figures 1 and 3, it can be seen that across all seven templates,
IsGC performs as well as or better than, correlation (both band pass-filtered and unfiltered
variants) in terms of overall NP score prediction and HIV-status classification.

The plots in Figure 2 show the brain graph features that contributed most strongly to the
HIV disease state prediction for each model. It is noteworthy that, for all three models,
features extracted from ROIs in the default mode network (DMN) were strongly weighted.
The DMN is primarily comprised of nodes in the bilateral posterior cingulate cortex, angular
gyrus, precuneus, and medial prefrontal cortex [39] and is believed to play a role in self-
referential behavior, including mind-wandering and daydreaming [2]. In the context of HIV,
the DMN is an area of interest, as several previous rs-fMRI studies have noted a link
between HIV and DMN dysfunction, in terms of both altered intra-network connectivity
strength [50, 61] and node centrality [49]. In all three models, features derived from DMN
nodes comprise either the top or the second place feature.

Altered functional connectivity in the DMN may also partially underlie the specific memory
and attention deficits, as well as the overall cognitive performance deficit, seen in the HIV*
cohort. The DMN is often described as a task-negative network, due to the fact that its
activity decreases when subjects are engaged in a goal-directed task [39]. Several studies
have found links between the DMN and cognitive performance. For instance, decreased
task-induced DMN deactivation was associated with attentional lapses and worsened
performance in a selective-attention task [57]. Associations have also been found between
the DMN and working memory; in two separate studies, the strength of the functional
connectivity between DMN regions was positively correlated with performance in working
memory tasks [24, 42]. Additionally, a positive correlation between the strength of DMN
functional connectivity at rest and general cognitive performance (as assessed by NP-testing
and overall z-scores, as in the present study) was recently found among HIV* subjects [61].
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The disrupted DMN functional connectivity observed here is therefore consistent with the
literature that links DMN dysfunction with degraded cognitive performance in multiple
domains.

It should be noted, however, that not all fMRI studies of HIV-infected individuals have
found alterations in the DMN. For instance, [55] compared functional connectivity between
recently-infected HIV™" subjects and HIV ~ controls and failed to find DMN connectivity
differences between the two groups. However, in that study, correlation was used to detect
functional connectivity, while in the present study, functional connectivity was determined
using IsGC, which has several advantages over correlation, as discussed above. Moreover,
given that only subjects who had been infected with HIV in the past year were recruited to
the [55] study, DMN pathology may have not yet manifested in those subjects to an extent
that could be detected by fMRI. Such results highlight the need for more longitudinal
neuroimaging studies of HIV-infected individuals. One such study examining fMRI
activations while subjects performed a visual attention task found that several brain regions,
including the prefrontal and posterior parietal cortices, exhibited increased activity in HIV*
subjects at the 1-year testing session, relative to baseline [20]. These regions did not include
those associated with the DMN. However, it is important to note that [20] examined the
altered activation of individual brain regions, rather than connectivity between different
regions. Therefore, while activity in the DMN itself may have been unchanged, activity in
regions that are connected to the DMN may have been altered in a way that affected the
functional connectivity of the DMN. Indeed, changes in connectivity between the DMN and
other brain regions has been observed in HIV* individuals [50].

Unlike the correlation-based models, the IsSGC model uniquely included a basal ganglia
region (the left caudate nucleus) as a top feature. Histologic abnormalities [4], volumetric
atrophy [6], and metabolic dysfunction [58] in the basal ganglia have been previously
observed in HIV-infected individuals. Moreover, the caudate is an essential component of
the fronto-striato-thalamo-cortical circuit, dysfunction of which is believed to underly many
of the cognitive deficits seen in HAND, including in executive function, learning, and
memory [19]. Thus, the fact that the IsSGC model strongly weighs a basal ganglia region may
partially explain its improved performance relative to correlation-based models. Altered
basal ganglia functional connectivity may also be the basis of the high prevalence of motor
deficits among the HIV* subjects, as the basal ganglia are known to play a key role in the
selection of desired movements and the suppression of unwanted movements [23, 28] and
are thus essential for the smooth execution of voluntary movements.

Frequency-specific filtering of rsfMRI time-series prior to correlation-based rsfMRI
connectivity analyses is a widespread, but controversial, practice. The rationale behind its
use lies in the high signal-to-noise ratio (SNR) of BOLD fMRI and the fact that physiologic
noise (e.g., from cardiac and respiratory function) and instrumental noise (e.g., from scanner
drift) components are respectively enriched at frequencies above 0.1+z[12, 30, 48] and
below 0.01Hz[9]. There is also evidence, however, that such temporal filtering introduces
artificial correlations between pairs of fMRI time-series [15]. Given that the tradeoff
between improving SNR and introducing spurious correlations is still a matter of debate, we
generated brain graphs based on correlation using both filtered and unfiltered time-series.

Comput Biol Med. Author manuscript; available in PMC 2020 March 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Chockanathan et al. Page 10

Results from Figures 1 and 3 show that, in certain contexts, e.g., HIV*/~ classification with
the Craddock100 and HO138 templates, BPF time-series yield higher predictive ability than
unfiltered time-series, while, in other contexts, e.g., overall NP score prediction with the
Craddock100 template, the opposite is true, while in still other cases, e.g., most other
templates in the HIV*/~ classification task, the two models yield comparative predictive
abilities.

A few limitations must be kept in mind when interpreting the results of this study. First,
because the ground truth connectivity structure of the brain is not known, it cannot be said
whether differences in graph properties exploited by the machine learning models to predict
disease state and cognitive performance truly represent differences in information transfer
between brain regions or some other more amorphous, though still clinically meaningful,
aspect of the BOLD signal. Second, the homogeneous and relatively small sample size in
this study precluded the rigorous analysis of important disease-related variables such as
duration and mode of infection, CD4 levels, and cART status, as well as HIV-related
comorbidities, including drug abuse, vascular disease, and depression. Third, because the
HIV* and HIV ~ subjects were not matched by sex, age, or education level, a direct one-to-
one comparison between the two groups could not be performed.

Each of these factors represents a potentially fruitful avenue for future inquiry in the context
of functional brain connectivity.

5. Conclusion

It was demonstrated here that machine learning analysis of resting-state functional MRI data
with large-scale Granger causality enables the superior prediction of important clinical
parameters, including HIV status and cognitive performance, relative to traditional
correlation-based methods. Moreover, it was shown that the features of the brain graphs
deemed most relevant by the classifiers in distinguishing HIV* and HIV ~ subjects were
strongly enriched in regions corresponding to the default mode network and basal ganglia
regions. The results of these analyses position ISGC as a potential tool for developing
biomarkers for diagnosis and staging of HIV-associated neurocognitive disorders.
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Large-scale Granger causality (IsGC) was used to derive functional brain networks

Machine learning performed on networks accurately classified subjects as HIV* or
HIV-

Machine learning performed on networks accurately predicted neuropsychometric
scores

IsGC-derived networks were more informative than correlation-based networks

Results were robust across several parcellation schemes
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Figure 1:

Comparison of time-series analysis methods with regard to HIVV*/~ classification ability. The
vertical axis shows the area under the receiver operating characteristic curve (AUC) while
the horizontal axis shows the different parcellation templates. Error bars represent standard
deviations. Light blue and dark blue asterisks indicate that the performances of band-pass
filtered correlation- and unfiltered correlation-based models, respectively, are significantly
different from that of the IsGC-based model (two-sided Wilcoxon rank sum test, p <0.05,
Bonferroni-corrected). Note that over all seven atlases, the classifier based on IsGC-derived
features outperforms that based on unfiltered correlation-derived features. The same is true
for band-pass filtered correlation, with the exception of the Craddock 100 atlas, in which
case the performances of the two models are statistically identical.
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Figure 2:
Left. Bar plots depicting the top 10 most strongly weighted features and corresponding

weights /B;/for SVM models based on the three methods using the AAL 90 template:
correlation with BPF (top), correlation without BPF (middle), and ISGC (bottom). Right.
Color-matched brain map of the regions depicted in the corresponding bar plots. Note the
prevalence of ROIs previously implicated in HAND, such as the basal ganglia (caudate
nucleus) and default mode network (posterior cingulate cortex, angular gyrus) regions.
Abbreviations - Tot Deg: Total-Degree; In Deg: In-Degree; Out Deg: Out-Degree; Clust
Coeff: Clustering Coefficient; Betweenness Cent: Betweenness Centrality.
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Figure 3:
The performance of the three SVM models with respect to prediction of cognitive

performance, as assessed by overall neuropsychometric (NP) score. The vertical axis shows
the coefficient of determination (/2) between the predicted and true NP scores for each
model. The horizontal axis shows the seven different parcellation templates used to generate
brain graphs, the properties of which served as features in the SVM model. The light blue,
dark blue, and red bars represent the /2 value for the band-pass filtered correlation-,
unfiltered correlation-, and IsGC-based models, respectively. Light blue asterisks designate
significantly different performance between the band-pass filtered correlation model and the
IsGC model (Bonferroni-corrected p <0.05, two-sided Wilcoxon rank-sum test) and the dark
blue asterisks designate significantly different performance between the unfiltered
correlation model and the IsGC model. Error bars represent two standard deviations.
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