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ARTICLE INFO ABSTRACT
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Background: Cocaine use (CU) is prevalent in people with HIV (PWH). Both conditions are linked to changes in
cognitive functioning and neural network topology. The current study utilizes graph theory to investigate
functional connectomics associated with HIV and CU, focusing on disruption of densely connected nodes called

Cocaine use hubs
Centrali ’
c:;:;gmics Methods: Resting state functional magnetic resonance imaging (fMRI) from 206 adults (ages 22-55 years) were

analyzed. A HIV x CU factorial design was implemented with participants in four groups: HIV+CU (n= 41), HIV
only (n= 88), CU only (n= 36), and controls (n= 41). Functional connectomes were constructed, and thresholded
graph metrics were calculated. Network centrality metrics — betweenness centrality (BC), participation coeffi-
cient (PC), and within module degree (WD) — were quantified into hub disruption indices (HDI). For each index, a
2x2 ANCOVA was performed controlling for education.

Results: Participants were 68 % male and 74 % African-American with a mean age of 44.4 years. HIV and CU
were associated with hub disruption in all three indices. Interactions were significant for HDI-PC and HDI-WD,
such that HIV disease was associated with greater hub disruption among participants without CU, but not among
participants with CU. Overall, lower global cognitive functioning was associated with greater hub disruption on
all three indices.

Conclusions: Widespread hub disruption was evident in HIV disease and CU, highlighting topological reorgani-
zation in both diseases with neurocognitive effects. Hub-related measures inform functional connectivity dis-
ruptions in HIV disease and CU, particularly with respect to changes in network topology throughout the
connectome.

1. Introduction

An estimated 30-50 % of people with HIV (PWH) exhibit cognitive
impairment (Cysique et al., 2014a, 2004b; Heaton et al., 2010; Wang
et al., 2020) that impacts day-to-day functioning (Anand et al., 2010;
Cattie et al., 2012; Heaton et al., 2004; Laverick et al., 2017; Shrestha
and Copenhaver, 2016; Thames et al., 2013). Underlying HIV-related
cognitive impairment are systematic disruptions in brain physiology
and functioning (Ances and Ellis, 2007; Sanmarti et al., 2014), including
functional connectivity (FC) changes in multiple cortical and subcortical
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networks (du Plessis et al., 2015; Egbert et al., 2018; Plessis et al., 2017;
Wang et al., 2011). The effects of HIV neuropathogenesis are further
exacerbated by cocaine use (CU) (Cai et al., 2016; Chilunda et al., 2019),
which is disproportionately prevalent in PWH compared to people
without HIV (Shiau et al., 2017). Given that CU also causes persistent
neurobiological changes in many neural networks affected by HIV dis-
ease (Adinoff et al., 2015; Cisler et al., 2013; Feil et al., 2010; Geng et al.,
2017; Ma et al., 2015), research is needed to delineate the independent
and additive effects of these two conditions on neural networking.
Brain connectomics can be used to identify large-scale changes in
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brain connectivity in PWH (Abidin et al., 2018; Hall et al., 2021; Zhuang
et al., 2021) and CU (Liang et al., 2015; Orsini et al., 2018). In a con-
nectomics framework, the brain is conceptualized as an interactive
system of regions, or nodes. Graph theoretical analysis utilizes mathe-
matical modeling of connections between nodes, termed edges, to pro-
vide topological information about brain networks (Bullmore and
Bassett, 2011; Bullmore and Sporns, 2009; Rubinov and Sporns, 2010;
Sporns, 2018). Further, functional Magnetic Resonance Imaging (fMRI)
data can be used to construct functional connectomes, with edges rep-
resenting pairwise co-variances between the activation time-series of
nodes. Graph theory has been used to ascertain properties of modularity
in neural networks. Modularity refers to the decomposition of neural
connections into networks, or modules, with nodes within each network
being more densely interconnected to each other compared to nodes of
other networks. Network integration characterizes communication be-
tween functional networks, and network segregation refers to functional
independence of individual networks. Some studies using graph theory
metrics found connectivity deficits in HIV disease (Zhuang et al., 2021),
but other studies showed no effects of HIV disease with the same graph
metrics (Abidin et al., 2018). Other research has found greater global
efficiency in PWH compared to sero-negative controls (Hall et al., 2021;
Minosse et al., 2020). Meanwhile, studies have associated CU with
greater clustering in reward networks (Orsini et al., 2018), but reduced
inter-module connectivity (Liang et al., 2015). Although graph theory
studies examining the effects of CU are rare, methamphetamine use has
been linked with greater efficiency and lower clustering throughout
executive, default mode, salience, limbic, and cerebellar networks (Li
et al., 2023; Li et al., 2022; Mansoory et al., 2022). While these studies
may inform stimulant related topological effects, research findings from
studies using graph theory in CU and HIV disease lack consensus.
Certainly, sample heterogeneity in multiple variables, such as poly-
substance use, disease severity, and treatment status, contribute to
inconsistent findings across studies (Zenebe et al., 2021). Other possible
contributions involve differences in analytical techniques (Bowring
et al., 2019; Bowring et al., 2022; Wei et al., 2022).

Some of the limitations of graph theory could be circumvented by
focusing on centrality metrics, which measure nodal capability of
functional integration (Bullmore and Bassett, 2011; Bullmore and
Sporns, 2009; Rubinov and Sporns, 2010). Nodes with a high level of
centrality, called hubs, are densely connected to a large number of other
nodes (Achard et al., 2012; Achard et al., 2006; Zamora-Lopez et al.,
2010). Hubs are key to maintaining the functional topology of a human
brain because they allow for efficient communication between regions
(brain networking) independent of physical location (Bullmore and
Sporns, 2009; Power et al., 2013). Hubs are prevalent in networks
integrating multiple domains of cognitive and behavioral functioning,
including default mode, fronto-parietal, salience, and sensorimotor
networks (Buckner et al., 2009; Heuvel and Sporns, 2011; Power et al.,
2013; Zamora-Lopez et al., 2010). Deviation in hub topology, or hub
disruption, is thought to be a reliable indicator of FC abnormalities
associated with neurological disorder and insults (Achard et al., 2012;
Crossley et al., 2014; Kaplan et al., 2019) and has been linked with in-
dividual differences in cognitive function (Cocuzza et al., 2020; Cohen
and D’Esposito, 2016). Deviation in hub topology, whether due to
centrality deficits in hubs or reorganization of nodal hubness, can be
assessed with a newly developed metric, the hub disruption index (HDI),
which quantifies nodal properties of the functional connectomes of
clinical groups relative to those of healthy controls (Achard et al., 2012).
For a given nodal graph metric, including centrality, the HDI is a fitted
slope of the linear regression between the mean of the reference group
and the difference between the clinical and reference groups. HDI is
more influenced by deviations in nodes that are densely connected in the
reference group. For these reasons, HDI is thought to be more sensitive
to network topology changes compared to nodal centrality metrics
(Achard et al., 2012; Termenon et al., 2016).

Graph theory research has documented hub-related changes and

Drug and Alcohol Dependence 263 (2024) 112416

resulting topological re-organization in HIV disease (Abidin et al., 2018;
Minosse et al., 2021; Minosse et al., 2020) and CU (de la Fuente et al.,
2019; Konova et al., 2015; Liang et al., 2015) across widespread regions.
Abidin et al. (2018) found an increase in hubs in the lateral occipital
cortex, striatum, and thalamus in PWH relative to participants without
HIV. Other studies have linked HIV disease with fewer hubs in the dorsal
prefrontal cortex (PFC), cerebellum, somatosensory cortex, and left
orbital PFC (Minosse et al., 2021; Minosse et al., 2020). Previous studies
also showed HIV effects on topological deficits in executive functioning
and default mode networks (Abidin et al., 2018; Minosse et al., 2020;
Thomas et al., 2015), and we expect to observe HIV-related hub effects
throughout multiple regions of these networks. Using HDIs, Minosse
et al. (2020) found greater hub disruption of global degree, betweenness
centrality (BC), efficiency, clustering coefficient, and spectral centrality
in PWH compared to participants without HIV, but found fewer differ-
ences with nodal graph metrics. Although HDI has not been explored
with CU, other research has suggested functional hub re-organization
related to CU in multiple regions, including the striatum, default mode
network, and salience network (de la Fuente et al., 2019; Konova et al.,
2015; Liang et al., 2015). Based on these results, we expect to observe
CU related hub effects in these networks.

The purpose of this study was to assess the independent and additive
effects of HIV and CU on functional topology using metrics that describe
network centrality and hubs. We measured hub disruption by quanti-
fying the HDI for three centrality measures: BC, within module degree
(WD), and participation coefficient (PC). Details for calculating these
centrality metrics are described with equations in Section 2.5. BC was
selected from other centrality metrics because it indicates both dense
connections and short path lengths; both central properties of hubs
(Bullmore and Sporns, 2009; Rubinov and Sporns, 2010). As a measure
of network segregation, WD was chosen to measure the potential role of
a node in network specialization of functioning. PC was chosen to pro-
vide information on each node’s role in facilitating integration with
other between networks. We expected to observe greater hub disruption
in PWH and CU compared to controls. We also expected individuals with
both HIV disease and CU to exhibit greater hub disruption compared to
individuals with either condition alone. In contrast, we suspected that
group differences in the nodal centrality metrics might not emerge as
such metrics are less sensitive when not quantified as HDIs. Addition-
ally, we expected greater hub disruption to be associated with lower
scores on neurocognitive assessments and greater severity of HIV disease
and CU.

2. Materials and methods
2.1. Participants and procedures

The study was open to adults aged 18-55 years with and without HIV
who were stratified based on CU. Participants with HIV had a confirmed
diagnosis of HIV disease for >3 months, while HIV-negative status was
verified using an OraQuick© rapid test. CU was defined by the following
criteria: regular CU for >1 year and either >2 days of use in the past 30
days or a cocaine-positive urine drug screen. Participants without CU
met the following criteria: no lifetime cocaine dependence, no history of
regular CU, no CU in the past 90 days, and a negative urine drug screen.
Alcohol, nicotine, and marijuana use were allowed in all groups. For
other substances, including amphetamine, heroin, and non-prescribed
controlled medications (opioids and benzodiazepines or other seda-
tives), participants were excluded for: lifetime dependence, regular use
for >2 years in the past 25 years, or regular use in the past 90 days.
Additional exclusion criteria were: non-fluency in English; < 8th-grade
education; severe learning disability; severe mental illness; current use
of antipsychotic or mood-stabilizing medications; serious neurological
disorders or history of neuroinfections; severe head trauma with loss of
consciousness >30 minutes and persistent functional decline; and
magnetic resonance imaging (MRI) contraindications. All participants



K. Al-Khalil et al.

with HIV were currently treated with combined antiretroviral therapy
(cART).

2.2. Measures

2.2.1. Clinical Data

Timeline Follow-Back methodology was used to asses substance use
in the 30 days prior to the scan (Robinson et al., 2014; Sobell and Sobell,
1992), and the Addiction Severity Index — Lite (McLellan et al., 1992)
was administered for lifetime use. The Structured Clinical Interview
(Module E) for DSM-IV-TR was used to assess for current and past sub-
stance dependence (First et al., 2015). Participants completed an
11-panel urine toxicology screen and a breathalyzer. Using healthcare
records, abstraction of HIV disease characteristics included most recent
CD4 count, most recent viral load, years on cART, and duration of
diagnosis.

2.2.2. Neuropsychological testing
Trained psychometrists administered a 45-minute battery to assess
seven cognitive domains.

1. Processing Speed: Time (seconds) to complete Trail Making Test
(TMT) Part A (Reitan and Wolfson, 1993); and number of color items
completed on the Stroop Color and Word Test (Golden, 1978).

2. Learning: Total number of words recalled on trials 1-3 from the
Hopkins-Verbal Learning Test- Revised (HVLT-R; Brandt and Bene-
dict, 2001).

3. Memory: Total number of words recalled on trial 4 from the HVLT-R
(Brandt and Benedict, 2001).

4. Executive functioning: Time (seconds) to complete TMT Part B
(Reitan and Wolfson, 1993); and Stroop Color and Word Test
(Golden, 1978) interference scores (difference between actual and
predicted score on the color word trial).

5. Working Memory: Digit Span scores' from the NAB Digits Forward/
Digits Backward Test (Stern and White, 2009) and Paced Auditory
Serial Addition Task-50 (Diehr et al., 2003).

6. Verbal Fluency: Number of words generated in the Letter & Category
Fluency Tests (Benton et al., 1983).

7. Motor function: Time (seconds) to complete the Grooved Pegboard
Test (Klove, 1963) using each hand (yields scores for the dominant
hand and non-dominant hand).

The test scores were converted to demographically corrected T-
scores (M=50, SD=10) using up-to-date published norms (Diehr et al.,
2003; Heaton et al., 2004; Stern and White, 2009; Wechsler, 2008). Each
case was scored by two research assistants with a third research assistant
resolving any discrepancies if needed. Test T-scores were averaged in
each domain, yielding domain T-scores, which were averaged together
to yield a global T-score.

2.2.3. MRI data acquisition

Participants abstained from drug use for at least four hours prior to
their scans, except for nicotine to avoid withdrawal effects. A blood
alcohol level of 0.00 was also required. Image acquisition was performed
with a 3T GE MR750 scanner with an eight-channel head coil at Duke
University Hospital. While participants viewed a displayed cross-hair,
Blood Oxygen Level Dependent (BOLD) functional MRI acquisition
was done using T2*-weighted echo-planar imaging with the following
parameters: repetition time (TR)= 2000 ms; echo time (TE)= 25 ms, in-

! For most participants, the NAB Digits Forward/Digits Backward Test (Stern
and White, 2009) was adminsitered with both forward and backward digit
spans converted to T-scores and then averaged. Some participants completed
Wechsler Adult Intelligence Scale 4th Edition (Wechsler, 2008) Digit Span, and
scores for those include forward, backward, and sequencing.
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plane matrix size= 64 x64; slice thickness= 3.8 mm; field of view
(FOV)= 24 cm, voxel size of 3.75mmx3.75mmx3.8 mm, flip
angle=90°, 35 slices. Forty-nine participants differed: (TE=27 ms, flip
angle=77°, 39 slices). For data harmonization, the first 150 volumes of
each scan were included. Using a spoiled echo sequence, high-resolution
T1-weighted (T1w) imaging acquisition involved the following param-
eters: TR = 8.16 ms, TE = 3.18 ms, voxel size = 1 mm x 1 mm x 1 mm,
FOV = 256 mm?, 256 * 256 matrix, 12° flip angle, 166 interleaved slice
data acquisition.

2.3. MRI data preprocessing

2.3.1. Anatomical

The Brain Extraction Tool from fMRI Software Library (FSL) version
6.03 was used to remove anatomical matter outside the brain. Advanced
Normalization Tools (ANTSs) (v2.3.4; Avants et al., 2008) were used to
calculate non-linear transformation matrices from Tlw to Montreal
Neurological Institute (MNI) - 152 standard space (2 mm3).

2.3.2. Functional

The first six volumes of each functional scan were removed and 144
were retained. Motion Correction Functional Linear Registration Tool
(MCFLIRT) from FSLv6.0.3 (Jenkinson et al., 2002) was used to calcu-
late rigid body transformations matrices with six degrees of freedom
(dof) and motion parameters. Two participants were excluded for hav-
ing excessive motion (root mean square displacement >0.3 mm). Rigid
body alignments from MCFLIRT were applied after slice timing correc-
tion with FSL Slicetimer. Functional to Tlw affine transformation
matrices (12 dof) were calculated using antsRegistrationSyN (Avants
et al., 2008). Following mask dilation, voxels were normalized accord-
ing to the median intensity value for each functional scan. Registration
transformations matrices (previously calculated from ANTs) were
applied to bring the functional data into standard MNI space. FAST al-
gorithm from FSL (Smith et al., 2004) was used to calculate physiolog-
ical noise regressors for subcortical white matter (WM) and
cerebro-spinal fluid (CSF). Discrete Cosine-basis regressors (DCT) were
calculated from the number of volumes and TR to exclude frequencies
below 0.008 Hz. Functional data were then smoothed using a 6 mm
gaussian Kernel. Non-aggressive denoising was performed using Auto-
matic Removal of Motion Artifacts (AROMA) with the motion-correction
parameters (Pruim et al., 2015). Afterwards, WM, CSF, and DCT were
orthogonalized to the AROMA components, and a second regression was
then performed to remove these confounds.

2.4. Construction of FC matrices

Using the Seitzman atlas (Seitzman et al., 2019), a 300 node atlas
including subcortical regions based on the Power atlas (Power et al.,
2011), we obtained the time-course of brain activity from each region
across 144 time points. Regions with less than 75 % gray matter inclu-
sion for at least one person were excluded from all analyses; 16 regions
were excluded. We then computed correlations between all possible
pairs of regions, creating a 284 x284 correlation matrix. These corre-
lation matrices were then fisher transformed. Correlations between
nodes that were < 20 mm apart were not calculated, as close physical
proximity may artificially inflate the correlation values (Power et al.,
2012).

2.5. Graph metrics

2.5.1. Nodal graph metrics

Graph metrics were obtained using the brain connectivity toolbox
(Rubinov and Sporns, 2010). The Louvain algorithm was used to define
assignment into communities separately for each participant by maxi-
mizing modularity (Lancichinetti and Fortunato, 2012). The first step of
this process involved generating optimal partitions 150 times (150
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modular structures). A consensus partition was generated from 500
repetitions, and nodes had to be in same partitions at least 75 % of times
to be counted (tau = 0.75). The matrices retained their edge weights and
were thresholded in steps of 1 % from 1 % to 8 % density, as these
thresholds yielded consistent degree distributions. Three nodal
graph-theoretical metrics of centrality were calculated for each node
across all modules (neural networks).
The betweenness centrality of a node is the proportion of shortest
paths within the network on which the node falls.
BG-—— L 3 py(0) [6))

n-Din-2) A py
T -

where py; is the number of shortest paths between nodes, h and j, and
Phj(i) is the number of shortest paths that pass through i. The index of
summation, h,jeN, encompasses all paths between h and j that belong to
the set of all nodes in network, N, where h, j, and i are distinct nodes. BC
is calculated the same way for weighted matrices as for non-weighted
matrices.

Within module degree is the sum of connection weights between a
node and all other nodes within its module, m;.

WD = k¥(m;) @

For analysis of nodal metrics, WD is standardized as a z-score relative
to other nodes in the network.

2 = (k2 (m;) — K (m) /o (m,) ®

k¥ (m;) and 6" (m;) are the mean and standard deviation of WD values
for all nodes in module, m; A higher WD indicates greater local con-
nectivity within a functional network. Greater network segregation is
indicated by a higher WD and a lower PC.

Participation coefficient measures the diversity of modules to which
a node is connected.

w 2
pcy=1-3" (kflf;")> )

meM

Where M is the set of modules, and k¥ (m) is the weighted sum all of links
between i and all nodes in module m. Note the summation index en-
compasses each module that is part of module set, M. A higher PC
suggests greater integration between different functional networks.

2.5.2. HDI

The HDI is a global disruption index of any given nodal metric
quantified in reference to a healthy control group (Achard et al., 2012).
For each participant, a linear regression is performed on the metric of
interest across all nodes, and the resulting beta value is the HDI. The
average nodal metric value of each node of the control group constitutes
the independent variable, and the difference between the control group
average and the participant’s nodal metric value at each node consti-
tutes the dependent variable. The equation for this subject-wise
regression is as follows for any given nodal metric, i (Minosse et al.,
2019; Minosse et al., 2020).

1< 18
NM;; — - > NMy; = k{, + HDI; c > ONM;; + ey 5)
= =

Where NM;; is the network measure for all participants (1), k2, is a
constant term and €;; is the residual, and % chleMi j represents the
mean network measure for all control participants. An HDI is calculated
for each node. When a participant’s nodal values are similar to that of
the control group, the HDI will be near zero. A negative HDI reflects a
reduction in centrality relative to the control group. Greater hub
disruption is suggested with larger negative values, which indicate
reduced centrality in nodes that are highly central in the control group,
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and/or increased centrality in nodes that have low centrality in the
control group (Achard et al., 2012). The three measures of centrality
were quantified as HDIs (HDI-BC, HDI-WD, HDI-PC).

2.6. Analysis of group differences

Demographic data were compared using one-way ANOVAs and y2, as
appropriate using SPSSv28.0. For nodal centrality metrics and HDI, the
area under the curve (AUC) across 1-8 % density thresholds was
calculated by integrating along the x-axis using the composite trapezoid
rule. The AUCs were compared between groups using 2x2 ANCOVAs,
controlling for education. Hub categorization was performed for each
centrality metric with HDIs showing significant interactions. Nodes with
average centrality in the 95th percentile for each group were classified
as hubs. We compared if hubs in the HIV only, CU only, or HIV+CU
groups differed from the controls.

2.7. Associations with cognitive functioning and disease characteristics

Across all participants, partial correlations were conducted between
cognitive functioning and graph metrics. For PWH (HIV+CU and HIV
only), partial correlations were conducted between HDIs and most
recent CD4 count. For participants who use cocaine (HIV+CU and CU
only), HDIs were correlated with years of regular use. We controlled for
years of education in each of these analyses.

3. Results
3.1. Sample characteristics (Table 1)

There was a total of 206 participants (mean age = 44.4 years, 68 %
male, 74 % African-American) categorized as follows: 41 PWH who use
cocaine (HIV+CU), 36 CU only, 88 HIV only, and 41 controls. The
groups did not differ in age, gender, or within scanner motion after
processing. The groups with CU had a higher proportion of African
American participants and lower levels of education compared to those
without CU. Additionally, alcohol, cannabis, and daily cigarette use
were more common in participants who used CU compared to those
without CU. Global T-score was significantly higher among participants
in the control group compared to the three other groups, as were T-
scores for information processing, learning, memory, executive func-
tioning, and motor domains (see supplementary table 2) (Table 1).

Most PWH (84.5 %) had a current undetectable viral load (VL < 50
count/uL). PWH reported an average duration of diagnosis of 12.9 years
(SD=7.2), an average cART duration of 11.3 years (SD=7.6), and a
median CD4 of 695 cells/uL. (IQR = 2300). HIV disease characteristics
did not differ by CU status.

Participants with CU averaged 10.8 days of use in the past month (SD
= 8.8) and 16.5 years of regular use (SD = 8.7). There were no group
differences in these CU characteristics by HIV status. Smoking was the
predominant route of administration (81.8 %), which was more com-
mon in the CU only group compared to the HIV+CU group.

3.2. Centrality and hub disruption (Table 2, Fig. 1)

No significant differences for CU and/or HIV disease were found with
the nodal centrality metrics, but significant differences between groups
emerged when centrality metrics were quantified as HDIs. The pattern
was similar for all three metrics, such that participants in the three
clinical groups had larger negative HDI compared to the control group
(Table 2, Fig. 1).

3.2.1. HDI-BC

There were main effects for both CU and HIV disease, suggesting
greater BC hub disruption associated with each condition indepen-
dently. Participants with CU had larger negative HDI-BC compared to
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Table 1
Sample Characteristics.
HIV+4-CU CU only HIV only Control Statistic p-value
(N=41) (N = 36) (N = 88) (N=41)
Age, M (SD) 44.9 (7.8) 45.4 (6.3) 44.6 (5.7) 42.8 (7.1) F(3, 202) = 1.19 0.314
Gender, % male 72.7 66.7 71.6 58.5 XZ(B) =2.38 0.498
Race, % Black (% White) 92.7 (4.9) 80.6 (13.9) 67.0 (29.5) 63.4 (29.3) FET = 15.95 0.008
Years of education, M (SD) 12.8 (2.5) 12.6 (2.5) 14.12 (2.4) 14.5 (2.0) F(3, 202) = 6.72 <0.001
Global T-score, M (SD) 44.5 (6.4) 44.5 (6.0) 45.2 (6.9) 50.2 (5.5) F(3, 202) =7.77 <0.001
fMRI motion, M (SD)* 0.019 (0.005) 0.020 (0.007) 0.017 (0.006) 0.019 (0.008) F(3, 202) = 1.59 0.194
HIV disease characteristics
Years on cART, M (SD) 11.2 (8.1) N/A 11.3(7.4) N/A t(127) = 0.11 0.91
Years diagnosed, M (SD) 12.1 (7.4) N/A 13.3(7.2) N/A t(127) = 0.87 0.386
Most recent CD4, median (IQR) 507 (588) N/A 718 (496) N/A U(127) = 2287.50 0.014
Undetectable viral load (< 50), % 75.6 N/A 88.6 N/A xz(l) =3.62 0.070
CU characteristics
Years of regular use, M (SD) 15.7 (9.0) 17.5(8.3) N/A N/A t(75) = 0.90 0.369
Smoking admin, % 73.2 91.7 N/A N/A Xz(l) =4.41 0.043
Days used in the past 30 days, M (SD) 10.9 (9.8) 10.6 (7.8) N/A N/A F(3, 202) = 0.16 0.877
Other substance use
Used alcohol in past 30 days, % 87.8 88.9 56.8 58.5 $2(3) = 21.61 <0.001
Used cannabis in past 30 days, % 65.9 44.4 27.3 22.0 $*(3) = 23.08 <0.001
Daily Cigarette Use, % 75.6 63.9 26.1 26.8 X2(3) = 38.84 <0.001
" Root mean displacement
Table 2
Centrality metrics.
HIV+CU CU only HIV only Control CU Main Effect HIV Main Effect CU x HIV
(N=41) (N =36) (N = 88) (N=41)
Betweenness Centrality
HDI —2.61 (0.33) —2.29 (0.35) —1.44 (0.22) 0.05 (0.33) F(1, 201) = 29.38, F(1, 201) = 8.64, F(1, 201) = 3.52,
p < 0.001 p = 0.004 p = 0.062
Unindexed 0.06 (0.00) 0.06 (0.00) 0.06 (0.00) 0.06 (0.00) F(1, 201) = 0.33, F(1, 201) = 0.02, F(1, 201) = 0.82,
p=0.57 p=10.89 p=0.37
Participation Coefficient
HDI —2.85(0.36) —2.99 (0.39) —2.24 (0.25) 0.03 (0.36) F(1, 201) = 25.66, F(1, 201) =9.82, F(1, 201) = 12.35,
p < 0.001 p = 0.002 p <0.001
Unindexed 1.48 (0.06) 1.44 (0.07) 1.43 (0.04) 1.44 (0.06) F(1, 201) = 0.14, F(1, 201) = 0.07, F(1, 201) = 0.14, p=0.71
p=071 p=0.79
Within Module Degree
HDI —2.18 (0.33) —2.17 (0.35) —1.48 (0.22) 0.14 (0.33) F(1, 201) = 21.66, F(1, 201) = 7.01, F(1, 201) = 6.78,
p = 0.001 p = 0.009 p = 0.010
Unindexed* 45.54 (1.33) 47.26 (1.42) 45.65 (0.90) 45.63 (1.33) F(1, 201) = 0.34, F(1, 201) = 0.46, F(1, 201) = 0.49,
p=0.56 p = 0.50 p=0.49

Group analysis of both HDI and unindexed centrality metrics. Results from a 2 x2 ANCOVA testing for the effects of HIV disease and CU while controlling for education
are presented for each group as well as estimated marginal means (standard error). Partial correlations (controlling for years of education) between each centrality

metric and cognitive functioning are presented in the last column. Bold values survived FDR corrections.

*Unstandardized within module degree.

participants without CU, and PWH had larger negative HDI compared to
participants without HIV. However, there was no CU x HIV interaction
for HDI-BC.

3.2.2. HDI-WD

There was a main effect for CU, a main effect for HIV disease, and a
CU x HIV interaction. Among participants without CU, PWH (HIV only)
had larger negative HDI-WD than controls. However, HIV had no effect
among participants with CU, as HDI-WD did not differ between HIV+CU
and CU only.

3.2.3. HDI-PC

There was a main effect for CU, a main effect for HIV disease, and a
CU x HIV interaction. Among participants without CU, PWH had larger
negative HDI-PC than participants without HIV (HIV only > controls). In
contrast, HIV had no effect among participants with CU, as HDI-PC did
not differ between HIV+CU and CU only.

3.2.4. Description of WD hubs across groups (Fig. 2)
The controls had WD hubs in the lateral occipital, dorsal prefrontal,

and sensorimotor cortices, which were dispersed throughout fronto-
parietal, default mode, and somatomotor networks. Compared to the
controls, the CU only group had fewer WD hubs in the lateral occipital
and dorsal prefrontal cortices, which belonged to the default mode,
fronto-parietal, and visual networks. However, the CU only group had
more sensorimotor hubs (somatomotor network) than the control group.
Compared to the controls, the HIV only group also had fewer WD hubs in
the lateral occipital (visual network) and dorsal prefrontal cortices
(default mode and fronto-parietal networks), but had more WD hubs in
the superior parietal lobule (somatomotor networks). Compared to the
controls, the HIV+CU participants had fewer WD hubs in the lateral
occipital and dorsal prefrontal cortices, indicating loss of hubs in default
mode, visual, and fronto-parietal networks. However, HIV+CU partici-
pants had more sensorimotor hubs (Fig. 2).

3.2.5. Description of PC hubs across groups (Fig. 3)

The controls had PC hubs in the inferior frontal gyrus (ventral
attention network), sensorimotor and paracingulate cortices (salience
network), superior parietal and lateral occipital cortices (dorsal atten-
tion network), middle temporal gyrus (dorsal and ventral attention
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Fig. 1. Hub Disruption Index for each centrality metric. (Left) Plots of group HDIs (fitted slopes) using betweenness centrality (BC), within module degree (WD), and
participation coefficient (PC) are displayed. Group-wise HDI using the following regression: % ZjH:lNMi i+ % chleMi j = K+ ki L ZleNMi it €
Average nodal centrality metrics for the control group are plotted on the horizontal axes. Deviations scores between each clinical group and the control group are
plotted on the vertical axes. (Right) Boxplots for HDI-BC, HDI-PC, and HDI-WD are displayed. All clinical groups (HIV+CU, HIV only, and CU only) show greater hub
disruption (more negative HDI scores) compared to controls for all centrality measures.
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Group Hubs: WD

Controls

HIV only HIV+CU

Fig. 2. Within module degree (WD) hubs for each group of participants. WD hubs are displayed in green for the control group (top left), and in each of the patient
group relative to the controls. For the clinical groups (HIV only, CU only, HIV+CU), hubs are color coded in reference to the control group: Green — hub shared with
controls; Red - hub is absent in clinical group, but present in control group; Blue — hub is present in clinical group only but not in control group. Labels for brain
regions. SMA: Supplementary Motor Area, CO: Central Operculum, MTG: Middle Temporal Gyrus, LOC: Lateral Occipital Cortex, FP: Frontal Pole, IFG: Inferior Frontal
Gyrus, MFG: Middle Frontal Gyrus, SPL: Superior Parietal Lobule, SMG: Supramarginal Gyrus, FO: Frontal Operculum, PCN: Precuneus, PreC: Precentral Gyrus;

PostC: Postcentral Gyrus.

Group Hubs: PC

Controls CU only

HIV only HIV+CU

Fig. 3. Participation coefficient (PC) hubs for each group of participants. PC hubs are displayed in green for the control group (top left), and in each clinical group
relative to the control group. For the clinical groups (HIV only, CU only, HIV+CU), hubs are color coded in reference to the control group: Green — hub shared with
controls; Red - hub is absent in clinical group, but present in controls; Blue — hub is present in clinical group only but not in control group. Labels for brain regions.
SMA: Supplementary Motor Area, CO: Central Operculum, MTG: Middle Temporal Gyrus, LOC: Lateral Occipital Cortex, FP: Frontal Pole, IFG: Inferior Frontal Gyrus,
MFG: Middle Frontal Gyrus, SPL: Superior Parietal Lobule, SMG: Supramarginal Gyrus, FO: Frontal Operculum, PCN: Precuneus, PreC: Precentral Gyrus; PostC:

Postcentral Gyrus.
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networks), and in the supplementary motor regions from the cingulo-
operculum network. Relative to the controls, the CU only group had
fewer PC hubs in the paracingulate gyrus (salience network), and lateral
parieto-occipital regions (dorsal attention network), but had more pre-
frontal hubs (default, fronto-parietal, ventral attention networks).
Relative to the controls, the HIV only group had fewer PC hubs in the
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precentral and supplementary motor gyri (cingulo-opercular network),
and fewer lateral parieto-occipital hubs (dorsal attention network).
However, the HIV only group had more right frontal PC hubs (fronto-
parietal and ventral attention network) compared to the control group.
Compared to the controls, the HIV+CU group also had fewer PC hubs in
the paracingulate and supplementary motor cortex (salience network),
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Fig. 4. Partial correlations between global T-scores and HDIs, controlling for years of education. (Left) Higher global T-scores (horizontal axes) are associated with
lower hub disruption (more positive HDIs) for all centrality measures. (Right) Global T-scores were not associated with nodal centrality measures. *p<0.05,

**p<0.01, NS: Not Significant.
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lateral parieto-occipital cortices (dorsal attention network), and in the
inferior frontal and middle temporal gyri (ventral attention network).
However, HIV4+CU had more PC hubs in the dorsal prefrontal cortex
(fronto-parietal network) (Fig. 3).

3.3. Associations between centrality and cognitive functioning (Fig. 4)

Across all participants, larger negative HDIs were associated with
lower Global T-scores (HDI-BC: r (203) = 0.17, p < 0.05 (FDR corrected,
p = 0.013); HDI-PC: r(203) = 0.23, p < 0.001 (FDR corrected, p =
0.002); HDI-WD: r(203) = 0.18, p < 0.01 (FDR corrected, p = 0.014),
suggesting that greater hub disruption is associated with lower cognitive
functioning. In contrast, global T did not correlate with nodal centrality
metrics (BC, PC, WD) (Fig. 4).

For domain T-scores (see supplementary table 3), lower information
processing was associated with larger negative HDI-PC (p < 0.001) and
HDI-WD (p < 0.05). Larger HDI-PC scores were also associated with
lower attention (p < 0.01) and executive function scores (p < 0.001).
Lower learning scores were associated with larger negative HDI-BC (p <
0.05). Memory and verbal fluency scores were not associated with HDIL.

3.4. Associations between HDI and disease characteristic

For PWH, CD4 count was not associated with hub disruption (HDI-
BC: r(125) = —0.02, p = 0.82; HDI-PC: r(125) = —0.05. p = 0.55; HDI-
WD: r(125) = —0.09, p = 0.33). For participants with CU, hub disruption
was not associated with years of regular use (HDI-BC: r(74) = —0.18,p =
0.12; HDI-PC: r(74) = —0.06. p = 0.62; HDI-WD: r(125) = —0.02, p =
0.87).

4. Discussion

Hub disruption was prominent in both persons with HIV disease and
CU, with connectome deficits including betweenness centrality (i.e.,
nodal participation in shortest paths), within-module degree (i.e., within
network connectivity/segregation of functional networks), and partici-
pation coefficient (i.e., between network integration). These findings
suggest topological reorganization of functional neural networks
resulting from deficits in multiple measures of hubness. In contrast,
nodal graph metrics did not show differences between the healthy
control group and persons with HIV disease and/or CU, underscoring the
value of HDI as an index of brain functional reorganization. Our findings
further supported the role of hubs in multiple aspects of cognitive
functioning, including information processing and cognitive flexibility
(Crossley et al., 2014; van den Heuvel and Sporns, 2013; Zuo et al.,
2012), as hub-related functional network topology deficits were asso-
ciated with lower cognitive functioning in these domains and globally.
Our findings highlight disruption of functional hubs as potential bio-
markers for HIV and cocaine-related neurocognitive function. Both PWH
and persons with CU showed similar HDI effects, linking both conditions
with deeply reorganized functional networks.

HIV disease was associated with greater hub disruption, but did not
differ on nodal centrality measure from healthy controls. Consistent
with previous research (Minosse et al., 2021; Minosse et al., 2020), our
findings emphasize the role of hub reorganization in HIV-related FC
deficits, further corroborating the sensitivity of HDI to disturbances in
network topology. Here, we add to these findings by showing HIV effects
on hub functioning related to centrality metrics associated with network
integration and segregation. Widespread alterations of neural pathways
is consistent with HIV neuropathology, which entails proliferation of
infected macrophages, glial inflammation, and astrogliosis with conse-
quential damage in multiple cortical and subcortical regions (Bell, 2004;
Moore et al., 2006; Schouten et al., 2011). Specifically, glial cell
dysfunction is linked to disruption of metabolic processes in neurons
(Barros et al., 2018), which may be disproportionately damaging to hubs
given their high metabolic demands (Crossley et al., 2014). Disturbances
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to the layout of neural networks can affect communication processes
across the brain, which may be biomarker of HIV-related neurocognitive
deficits.

To our knowledge, this is the first study using HDI to investigate CU
effects on network centrality measures. Our findings expand on previous
work showing FC density (Konova et al., 2015) and intermodule con-
nectivity (Liang et al., 2015) deficits in CU by also documenting topo-
logical reorganization from disruption of centrality hubs. This is further
supported by previously documented temporo-parietal shifted rich club
organization, lower transitivity, and reduced striatal connectivity
strength in persons with CU disorder (Hall et al., 2022). Hub-related
topological effects in CU are consistent with neuroadaptations of
dopaminergic circuitry within frontal and striatal neural regions evi-
denced in CU (Gowrishankar et al., 2014; Ma et al., 2015; Ma et al.,
2015). Additionally, glial inflammation and astrocytosis have been
observed in CU (Periyasamy et al., 2016), and resulting metabolic def-
icits in the central nervous system are thought to yield disproportionate
effects on functional hubs (Crossley et al., 2014). Our findings of
cocaine-related deficits in HDI, in conjunction with previously docu-
mented dopaminergic-modulated effects, implicate disruption of cen-
trality hubs as a biomarker of neurocognitive deficits associated with
CU. Moreover, centrality differences between participants with CU and
healthy controls were undetectable by nodal metrics that do not
particularly account for hub disruption.

Contrary to our hypothesis, analysis of HDIs did not show additive
connectivity deficits, as hub disruption did not differ between the
HIV+CU and HIV only, or between HIV+CU and CU only participants.
CU and HIV effects were observed for HDI-WD and HDI-PC, but there
was no additional effect of HIV among participants with CU and vice
versa. The lack of additive effects likely results from limitation on how
much disruption can occur with topological alterations, particularly in
network segregation and integration. Prior task-based fMRI studies have
documented additive deficits in FC and executive functioning in PWH
who use cocaine (Bell et al., 2020; Meade et al., 2017; Wakim et al.,
2022). Additive FC effects of CU and HIV may be more observable
during tasks with high cognitive demands compared to resting state, as
the former require extensive recruitment and modulation of cortical
substrates. While the experimental designs of task-based fMRI studies
provide more power to examine subtle changes in neural functioning in
response to demands of varying intensity (e.g., increasing difficulty, risk,
or salience), they are too complex to administer as part of standard
clinical care.

We investigated PC and WD hub assignments within groups in order
to further probe our interactive effects of HIV disease and CU on topo-
logical reorganization, and identified subtle changes in each of the
clinical groups (HIV only, CU only, HIV+CU). Compared to controls, the
clinical groups overall had fewer of the same PC hubs and more WD hubs
in somato-motor and cingulo-operculum networks, linking both condi-
tions with greater functional segregation in the networks. These obser-
vations suggest these regions are integral for functioning within their
network instead of facilitating communication between distant regions
of the brain in HIV disease and CU. However, the clinical groups overall
also had more PC hubs and fewer WD hubs within the fronto-parietal,
default mode, visual, ventral attention, and dorsal attention networks,
which links both HIV disease and CU with disrupted functional
specialization in these cortical networks. Indeed, decreased segregation
of executive control and attention networks is consistent with top-down
regulation of striatal reward processes in CU (Berlingeri et al., 2017; Feil
etal., 2010; Hobkirk et al., 2019; Ma et al., 2015). Further, lower within
network FC in the default mode, executive control, and dorsal attention
networks have been linked to HIV Associated Neurocognitive Disorder
(Chaganti et al., 2017; Thomas et al., 2015), and lower FC within default
mode and salience networks have been observed in CU (Ding and Lee,
2013; Geng et al., 2017). Greater PC hubs in CU and HIV participants
also suggests network topology disruption. Further, other research has
found hyper-connectivity between functional cortical networks
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contribute to executive functioning deficits in HIV disease (Lew et al.,
2023). Mechanistically, between network connectivity disruptions
involving the executive control, default mode, and salience networks
underlie executive functioning deficits (Menon and Uddin, 2010), and
such biomarkers are been linked to greater CU relapse (McHugh et al.,
2017) and executive control deficits in HIV disease (Flannery et al.,
2022). The shifting of hubs in HIV disease and CU, involving a mixture of
increasing and decreasing centrality within multiple nodes, may help to
explain the lack of group differences in nodal metrics. Other studies
using stroke and comatose participants show nodal metrics to be less
sensitive than HDI in detecting brain connectivity effects (Achard et al.,
2012; Termenon et al., 2016). Further hub disruption has been found in
many neurological diseases, including Alzheimer’s disease, stroke, epi-
lepsy, and amyotrophic lateral sclerosis (Daianu et al., 2016; Fornito
et al., 2015; Grefkes and Fink, 2011; Menke et al., 2016; Pedersen et al.,
2017; Ray et al., 2014).

Furthermore, we found associations between lower global cognitive
functioning and greater hub disruption, but cognitive functioning did
not correlate with the nodal metrics. Greater hub disruption was related
to lower global cognitive functioning, highlighting the importance of
healthy hub topology for better neuropsychological performance
(Filippi et al., 2013; van den Heuvel and Sporns, 2013). Healthy
cognitive function is predicated on a network organization structure
with high centrality hub nodes that relay information across multiple
edges simultaneously, and primarily reside in networks involved in in-
tegrated cognitive functioning, such as the default mode,
fronto-parietal, salience, and sensorimotor networks (Buckner et al.,
2009; Heuvel and Sporns, 2011; Sobell and Sobell, 1992; Zamora-Lépez
et al., 2010; Power et al., 2013). Alterations to organization of the
functional connectome through reduced hub centrality can lead to
poorer performance on cognitive tasks possibly due to disrupting inte-
gration of information between and within networks (Cocuzza et al.,
2020; Cohen and D’Esposito, 2016; van den Heuvel and Sporns, 2019).
The link between cognitive functioning to HDI, but not to nodal cen-
trality metrics, supports the idea of increased sensitivity of HDI metrics
in detecting cognitive impairment.

HDI was not associated with disease characteristics which may be
partly attributed to limitations of these metrics as indicators of disease
severity. As most of the HIV4+CU and CU only groups had a history of
chronic cocaine use, differences in years of use may not indicate varia-
tions in disease severity. Further, years of cocaine use was a self-report
measure and subject to social desirability bias (Khalili et al., 2021;
Latkin et al., 2017). Additionally, the most recent CD4 count may not
reflect the duration of immunosuppression history in our participants
with HIV as they have been treated with cART for many years. As such,
we did not observe associations between HDI and CD4 count as were
found in previous studies using a mixture of treated and untreated
sample of participants with HIV (Minosse et al., 2021).

Strengths of this study include the 2-by-2 between-subjects design
with a relatively robust sample size and the inclusion of a novel metric
that provided greater sensitivity for detection of CU and HIV disease
effects compared to nodal graph metrics. At the same time, the current
study has some caveats. First, our resting state scans were relatively brief
and some studies have suggested increasing test-retest reliability with
longer scans (Birn et al., 2013). Additionally, the delineation of CU ef-
fects from other substance use is limited by poly-substance use collin-
earity; albeit we verified HDI differences between groups remained
significant when adding alcohol, cannabis, and tobacco use as covariates
to mitigate this limitation. Further, we implemented a cross-sectional
design, which restricts our interpretations of HIV and cocaine-related
hub disruptions to correlational inferences. Longitudinal research
studies will allow for systematic analyses that differentiate HIV legacy
effects from ongoing HIV neuropathogenesis. Additionally, future
studies could examine HDI in CU from fMRI data collected during
reward processing from monetary incentive tasks or visual cues with
drug-laden stimuli to inform effects of dopaminergic signaling which is a
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potential avenue of inquiry consistent with top-down regulation deficits.
5. Conclusions

In sum, we found evidence of hub disruption independently associ-
ated with both HIV disease and CU, further supporting the importance of
hubs in revealing information regarding functional network topology in
brain disorders. The association between greater hub disruption and
lower cognitive functioning in all centrality metrics reinforces the roles
of hubs in cognitive processing that encompass neural networking
characteristics of shortest path participation as well as integration and
segregation of functional neural networks. Although HDI may have
limitations with respect to location specificity, we show compelling
evidence of bolsters HDI as a sensitive biomarker for topological effects.
Focusing on hubs enabled detection of network abnormalities that were
undetectable with nodal graph metrics.
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