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Abstract

The current study applied data-driven methods to identify and explain novel cognitive phenotypes 

of HIV. Methods: 388 people with HIV (PWH) with an average age of 46 (15.8) and median 

plasma CD4+ T-cell count of 555 copies/mL (79% virally suppressed) underwent cognitive 

testing and 3T neuroimaging. Demographics, HIV disease variables, and health comorbidities 

were recorded within three months of cognitive testing/neuroimaging. Hierarchical clustering 

was employed to identify cognitive phenotypes followed by ensemble machine learning to 

delineate the features that determined membership in the cognitive phenotypes. Hierarchical 

clustering identified five cognitive phenotypes. Cluster 1 (n=97) was comprised of individuals with 

normative performance on all cognitive tests. The remaining clusters were defined by impairment 

on action fluency (Cluster 2; n=46); verbal learning/memory (Cluster 3; n=73); action fluency 

and verbal learning/memory (Cluster 4; n=56); and action fluency, verbal learning/memory, and 

tests of executive function (Cluster 5; n=114). HIV detectability was most common in Cluster 

5. Machine learning revealed that polysubstance use, race, educational attainment, and volumes 
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of the precuneus, cingulate, nucleus accumbens, and thalamus differentiated membership in 

the normal vs. impaired clusters. The determinants of persistent cognitive impairment among 

PWH receiving suppressive treatment are multifactorial nature. Viral replication after ART plays 

a role in the causal pathway, but psychosocial factors (race inequities, substance use) merit 

increased attention as critical determinants of cognitive impairment in the context of ART. Results 

underscore the need for comprehensive person-centered interventions that go beyond adherence to 

patient care to achieve optimal cognitive health among PWH.
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Introduction

Approximately 1 in every 2 people with HIV (PWH) experience cognitive difficulties 

(Antinori et al. 2007; Heaton et al. 2015; Kore et al. 2015; Paul et al. 2017). Among those 

with evidence of cognitive symptoms, the manifestation and severity of impairment varies 

substantially from one person to the next. While cases of severe cognitive impairment (i.e., 

dementia) are rare in the era of antiretroviral therapy (ART), mild to moderate cognitive 

difficulties persist among individuals with chronic HIV who are receiving stable suppressive 

ART. Understanding the combination of factors that underlie the expression of cognitive 

difficulties in the context of HIV treatment is important to facilitate the development and 

implementation of clinical care strategies necessary to optimize health outcomes among the 

global population of PWH.
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Uncertainty exists as to whether cognitive difficulties among ART-experienced individuals 

reflect pre-morbid factors, brain injury before the onset of ART (i.e., legacy effects), 

deleterious effects of co-morbid health conditions (e.g., hepatitis C) that emerge during HIV 

treatment, psychosocial factors (e.g., racial inequities, substance use), and/or ongoing HIV 

neuropathogenesis. Results from prior studies offer modest support for each explanation. 

For example, a recent study by Kallianpur et al. (2020) reported that higher levels of P-

selectin glycoprotein ligand-1 (PSGL-1)-expressing total monocytes and PSGL-1-expressing 

inflammatory (CD14CD16) monocytes at the time of ART onset predicted atrophy of the 

caudate and putamen, respectively, during the first two years of ART commenced during 

acute infection. Alternatively, findings from CHARTER revealed that cognitive decline 

among PWH was most common among individuals with comor-bid psychiatric histories 

and/or substance use histories (Grant et al. 2014). Furthermore, work from members of our 

team has recently shown that racial inequities embedded in the assessment and norming 

of cognitive performance have potential to artificially inflate the severity of cognitive 

impairment among racially diverse PWH (Paul et al. 2021).

Little is understood about how the convergence of these factors contribute to individual 

differences in cognitive performance among PWH. This is an important knowledge gap 

because risk factors for incident cognitive impairment tend to cluster together (e.g., higher 

rates of substance use, lower educational attainment, worse adherence to ART). Traditional 

analytic methods are not designed to model the contribution of multiple, interactive 

predictors of complex clinical phenotypes such as HIV-associated cognitive symptoms (Paul 

et al. 2020a, b). This is especially true when key explanatory variables are latent (i.e., 

not observable) and/or nonlinear, and when diagnostic categories (e.g., the research criteria 

for HIV-Associated Neurocognitive Disorders; HAND; Antinori et al. 2007) serve as the 

primary outcomes of interest.

Data-driven methods offer an alternative approach to identify novel cognitive phenotypes, 

as well as potential explanatory features that differentiate membership in each cognitive 

subgroup. The current study employed a combination of data-driven and inferential analytic 

strategies to discover novel, distinct cognitive subgroups of HIV. We employed hierarchical 

clustering using HDBScan (dos Santos et al. 2015) with the UMAP variant (McInnes et al. 

2018) to determine the presence of distinct cognitive phenotypes. Additionally, we employed 

gradient boosted multivariate regression (GBM), a form of ensemble machine learning, 

to determine a predictive model that distinguished membership in normal vs. impaired 

cognitive subgroups.

Methods

Study Participants

Study participants included 388 PWH (mean age=46; SD=15.8) enrolled in studies between 

2006 and 2020 at the Washington University Saint Louis Infectious Disease Clinic and 

AIDS Clinical Trial Unit. Inclusion criteria were: 1) ≥18 years of age, 2) confirmed HIV, 

3) ≥8 years of education, 4) ≥3 months of ART, 5) English as the primary language, 

and 6) voluntary informed consent. Exclusion criteria were: 1) history of head injury 

with loss of consciousness >30 minutes, 2) untreated psychiatric disorder, and/or 3) active 
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opportunistic infection. The parent studies were approved by the participating institutional 

review boards. Participants received reimbursement for their time and transportation costs. 

Study participants were on a stable ART regimen (no change) for at least 6 months prior 

to completing the assessments (most were receiving a DTG-based regimen). No participants 

underwent a change in their regimen during the study protocol.

Primary Outcome Variable

Cognitive Performance—Participants completed a standardized battery of cognitive tests 

that covered the following domains: Attention and Psychomotor Speed: Trail Making Test 

A (Trails A; Army U.S. 1944) Digit-Symbol (Wechsler 1997), Symbol Search (Wechsler 

1997), 2) Executive function: Color Word Interference Test trial 3 (CWIT3; Golden and 

Freshwater 1978), Trail Making Test B (Army U.S. 1944), action fluency (verbs; Piatt et al. 

1999), and Letter Number Sequencing (LNS; Wechsler 1997). Motor speed and dexterity: 

Grooved Pegboard dominant and non-dominant hands (Matthews and Klove 1964), Learning 
and Memory: Hopkins Verbal Learning Test-Revised (HVLT-R; Brandt and Benedict 2001), 

Brief Visuospatial Memory Test-Revised (BVMT-R; Benedict 1997), and Language: animal 

fluency (Tombaugh et al. 1999), and letter fluency (FAS; Tombaugh et al. 1999). Raw 

scores were converted to demographically adjusted z scores using normative data derived 

from test manuals (i.e., D-KEFS (Delis et al. 2001) for Color Word Interference Test trial 

3, and WAIS-III (Wechsler 1997) for Digit Symbol, Symbol Search, and Letter Number 

Sequencing) and from published sources (i.e., Heaton 2004; Norman et al. 2011; Benedict 

et al. 1998; Piatt et al. 2004; Woods et al. 2005b; Gladsjo et al. 1999; Lucas et al. 

2005). Impairment at the individual test level was defined as a Z score < −1.0. Similarly, 

impairment for a domain was defined by an average z score for all tests within the domain < 

−1.0.

Cognitive testing was completed by certified psychometricians with extensive experience 

in test administration and scoring. The tests were administered and scored in accord with 

standardized instructions described in the test manuals. Study participants did not undergo 

the cognitive assessment if they exhibited signs of acute substance use intoxication.

Candidate Explanatory Variables

Demographic Variables—Age, sex, educational attainment, and self-identified race were 

included as demographic indices.

HIV Clinical Indices—Current and nadir CD4+ T-cell count as well as viral load (for 

those with detectable virus) were included in the analysis.

Co-Morbidities—History of hepatitis C and total score on the affective subscale of 

the Beck Depression Inventory-II (BDI-II; Beck et al. 1996) were included as potential 

predictors. The BDI-II affective score was utilized to minimize the overlap in somatic and 

cognitive symptoms that are independently associated with HIV and depression. Use of the 

affective scale to measure mood symptoms in the context of neuroimmune dysregulation is 

supported by factor analytic and clinical validation studies, previous publications focused on 

neuroHIV (Paul et al. 2018; O’Halloran et al. 2019; Paul et al. 2020a).

Paul et al. Page 4

J Neuroimmune Pharmacol. Author manuscript; available in PMC 2023 July 24.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Substance use was examined using a multi-dimensional approach. First, we assessed lifetime 

substance use using the Kreek-McHugh-Schluger-Kellogg (KMSK) lifetime scale (Kellogg 

et al. 2003). The KMSK incorporates self-reported frequency, amount, and duration of 

alcohol, cannabis, tobacco, opioids, and hallucinogens. Total scores for each drug class 

were examined vis-a-vis hierarchical clustering (see Statistical Analysis section for further 

detail) to identify individuals who shared similar profiles of lifetime substance use, including 

polysubstance use. This preliminary analysis revealed four discrete subgroups of lifetime 

substance use. Results from urine toxicology acquired at the time of study participation were 

then examined to characterize current use of cocaine, amphetamine, methamphetamine, 

cannabis, methadone, opiates, phencyclidine, benzodiazepines, and tricyclic antidepressants 

for each of the clusters; current alcohol use was not available from the urine toxicology 

results.

Neuroimaging Variables—Neuroimaging was acquired using high resolution 3T MR 

(Siemens Tim Trio; Siemens AG, Erlangen Germany). For all scanning parameters, a 

12-channel head coil was applied. All participants completed 3T MRI using the same 

scan hardware and software. The T1 structural scans were derived from 3-dimensional, 

sagittal, magnetization-prepared rapid gradient echo (MP-RAGE) sequence with repetition 

time (TR)=2400ms, echo time (TE)=3.16ms, flip angle=8°, inversion time=1000ms, voxel 

size=1x1x1mm3 voxels, 256x256x176 acquisition matrix, 162 slices. Brain segmentation 

and parcellation of the structural images were obtained using the FreeSurfer software suite 

(v5.3) (Martinos Center, Harvard University, Boston, Massachusetts, USA). All volumetric 

regions of interest (ROIs) from the FreeSurfer pipeline were included in the analyses.

Statistical Analysis

First, we examined the data for missing values, outliers, and skewness to confirm that values 

were within acceptable ranges. Second, we utilized HDBScan (dos Santos et al. 2015) with 

the UMAP variant (McInnes et al. 2018) to identify individuals with similar substance use 

and, separately, cognitive profiles. HDBScan is a hierarchical clustering method that utilizes 

a proximal distance to the nearest neighbor approach. In contrast to common clustering 

methods, HDBScan with the UMAP variant does not require a priori determination of 

the expected number of clusters, and outliers are defined as a separate cluster rather than 

forcing the data into an existing and unrelated cluster. The UMAP variant defines the cluster 

structure using both linear and nonlinear associations. Z scores for each cognitive test were 

included in the cluster analysis.

Third, MANOVA and Chi Square tests were implemented to determine if the cognitive 

clusters differed on demographic, psychosocial, and/or HIV disease variables. Fourth, 

gradient boosted multivariate regression (GBM), a form of ensemble machine learning, was 

implemented to identify the combination of features that classified individuals into either the 

cognitively normal (Cluster 1) or the cognitively impaired (Cluster 5) phenotypes. GBM is 

generally robust to restricted sample sizes, differences in base rates of outcome variables, 

multi-collinearity, and overfitting (Miller et al. 2016). Feature selection utilized an in-house 

program based on SciKit (Pedregosa et al. 2011) and PDPBox (Jiangchun 2019). Cognitive 

phenotype subgroup membership was determined using a probability score based on the 
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sigmoid function (1/(1+e^(−x))), 0.5 decision boundary, and gradient descent to minimize 

prediction error. Highly correlated features (r >.65) were managed by selecting the feature 

with the highest mutual information criterion (MIC) value. Consistent with our prior work 

(Paul et al. 2020a, b, 2021), predictors were included into the models up to the point of 

saturation, when the inclusion of an additional feature resulted in minimal improvement 

in classification accuracy (defined by an increase in average AUC > 1SD from the base 

model). For the current analysis, model saturation was achieved with 6 input features. 

Interactive features were described based on the directionality of each contributing variable, 

with variables sharing the same directionality (i.e., both high or low values) to the outcome 

represented by the multiplier symbol, and variables with inverse relationships to the outcome 

classification represented by the division symbol. The average AUC served as the final 

metric of model performance.

Validity of the GBM models was examined using five-fold cross validation repeated five 

times. Each partition was randomly re-sampled, yielding 25 validation trials in total. Results 

from the GBM models were compared to multiple logistic regression, a common statistical 

method for testing the relative contribution of a given set of predictors to differentiate a 

binary outcome (e.g., cognitively normal vs. impaired; Lemon et al. 2003).

Results

Demographic and Clinical Characteristics of the Total Sample

Study participants were between 18 and 85 years of age (M=46 years old, SD=15.8 years). 

The sample was 78% male (n=301) and had completed an average of 13 years of education. 

The median blood CD4+ T-cell count for the overall sample was 555 (IQR=383 to 777) 

cells/mL. Plasma viral suppression (≤50 copies/mL) was observed in 79% of the sample. 

Among participants with detectable virus (n=77), the median viral load was 2110 (IQR=104 

to 30,108). Participants reported an average time since HIV diagnosis of 15.9 (SD = 9.3) 

years. Average duration of ART was 13.6 (SD = 8.5) years. 49% of the sample identified 

as heterosexual, 37% were men who have sex with men (MSM), and 14% identified as 

bisexual. See Table 1 for additional demographic and clinical information.

Hierarchical Clustering of Cognitive Performance

Hierarchical clustering revealed five cognitive subgroups. The largest subgroup (Cluster 

5: n=114; 29%) was composed of study participants who performed in the impaired 

range (>1SD below normative values) on action fluency, verbal learning/memory, and tests 

of executive function. The second largest subgroup (Cluster 1: n = 97; 25%) included 

individuals with normative performance on all test measures. Two of the remaining clusters 

exhibited impairment on one test: action fluency (Cluster 2: n=46; 12%) and verbal learning/

memory (Cluster 3: n = 73; 19%). Cluster 4 exhibited impairment on both action fluency and 

verbal learning/memory (Cluster 4: n = 56; 14%). Table 2 provides the means and standard 

deviations for each test by cognitive cluster.
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Demographic and Psychosocial Comparisons between all Cognitive Clusters

The subgroup with normal performance on all tests (Cognitive Cluster 1) was 5-6 years 

older than the other Clusters, (p<.05). Cognitive Cluster 2 included significantly fewer 

females (6.5%) compared to all other subgroups (p<.05). Cognitive Clusters 4 and 5 

were more likely to include Black individuals compared to Clusters 1, 2, and 3 (p<.01). 

Clusters 4 and 5 achieved 1-2 fewer years of education than clusters 1, 2, and 3 (p<.01). 

The normative subgroup (Cognitive Cluster 1) was significantly more likely to be virally 

suppressed compared to the other subgroups (p<.01). The impaired subgroup (Cognitive 

Cluster 5) reported more affective symptoms of depression on the BDI-II (p< .01) compared 

to the other subgroups. Duration of HIV infection, current CD4 count, nadir CD4 count, and 

KMSK lifetime substance use scores did not differ by subgroup.

Comparisons between the two Clusters representing the largest percentage of the sample 

(Cognitive Cluster 1; normal performance and Cognitive Cluster 5; impaired performance) 

revealed that individuals in the impaired group were younger (p<.05), more likely to identify 

as Black (p<.01), reported fewer years of educational attainment (p<.05), were more likely 

to have detectable HIV viral load (p<.01), and had a positive urine toxicology result for 

stimulants when compared to individuals in the Cognitive Cluster 1. The impaired group 

also had lower amygdala volume on the left and lower volume in the posterior middle frontal 

gyrus (ps<.01). Duration of HIV infection (p=.71), total years on ART (p=.35), nadir CD4 

(p=.49), and sex (p=.22) did not differ between Cognitive Cluster 1 and Cognitive Cluster 5.

Data-derived Substance Clusters from Urine Toxicology Results

The percentage of positive urine toxicology results per drug class is provided in Online 

Resource 1. The drug use clusters included: 1) Substance Cluster 1: cannabis and 

prescription drugs (e.g., benzodiazepines and tricyclics); Substance Cluster 2: stimulants, 

cannabis, and prescription drugs; Substance Cluster 3); cannabis and benzodiazepines; 

Substance Cluster 4: cannabis and cocaine.

Machine Learning Derived Determinants of Normal vs. Impaired Cognitive Subgroups

The univariate GBM classifying individuals into the cognitively normal vs. impaired 

subgroups achieved an average AUC of 79% (Accuracy=70%, F1 score=67%, 

Precision=70%, and Recall=64%; Fig. 1, left panel). The features in the model included: 

1) lower volume in the left amygdala; 2) lower volume in the left posterior middle frontal 

gyrus; 3) lower educational attainment; 4) non-White race; 5) Substance Cluster 1 (positive 

urine toxicology for cannabis, benzodiazepines, and tricyclics); and 6) Black race. Figure 

2 illustrates the features in the classification model and the MIC value for each predictor. 

Brain volumes that were identified as top classifiers are illustrated in Fig. 3.

The GBM with two-way interactions yielded an average AUC of 83% (Accuracy=75%, 

F1 score=73%, Precision=74%, and Recall=72%; Fig. 1, right panel). The model included 

the following features: 1) lower volume of the left superior temporal banks combined 

with Black race; 2) lower right precuneus volume combined with Substance Cluster 1; 

3) lower left peri-calcarine volume combined with lower educational attainment; 4) lower 

right cingulate isthmus volume combined with lower educational attainment; 5) lower right 
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nucleus accumbens area combined with lower educational attainment; and 6) lower volume 

of the right precuneus combined with lower volume of the thalamus proper. Figure 2 

provides the MIC value for the interactive predictors of the impaired cognitive phenotype. 

See Online Resource 2 for complete model performance metrics, Online Resource 3 for 

partial dependency plots depicting top features differentiating membership in normative 

vs. impaired cognitive performance clusters identified by the univariate GBM, and Online 

Resource 4 for heatmaps depicting color-coded probabilities of membership in normative vs. 

impaired cognitive performance clusters identified by the interactive GBM.

Discussion

This is the first study to leverage the analytic strengths of hierarchical clustering and 

ensemble machine learning to identify novel cognitive phenotypes of HIV and the 

combination of explanatory variables that distinguish cognitively normal vs. impaired 

profiles. Study findings revealed five discrete cognitive subgroups that differed in the 

presence and severity of impairment. Our data-driven approach identified a gradient of 

cognitive status that ranged from normal cognitive performance to impairment in multiple 

domains. Verb fluency and verbal learning/memory differentiated individuals into one of the 

four cognitive impaired subgroups. Machine learning revealed that the strongest classifiers 

of cognitive status included psychosocial measures and social determinants of health (e.g., 

race, education), as well as history of substance use, and volumes of brain regions that 

are implicated in addiction. Additionally, individuals with impairment in multiple cognitive 

domains were most likely to have detectable HIV.

Hierarchical clustering, with the UMAP variant revealed a larger number of distinct 

cognitive subgroups compared to results from prior studies (Fazeli et al. 2014; Ham 

et al. 2019). The larger number of subgroups identified in the current study likely 

reflects the analytic strengths of our clustering approach, a method that allowed for 

detection of nonlinear patterns in the data (e.g., U-shaped and/or multinomial distributions). 

Additionally, the clustering method did not force poorly fitting data observations into 

unrelated clusters, as is the case with other cluster methods (e.g., K-means; Raykov et 

al. 2016). We believe the methodological strengths of the clustering model utilized in the 

present study provides a robust approach to interrogate and explain the heterogeneity in 

cognitive performance that exists among PWH, though additional studies are needed in 

separate cohorts to confirm the clinical utility of the finding.

Twenty-five percent of the sample exhibited normal performance on each cognitive test, 

whereas nearly the same percentage of individuals exhibited impairment on multiple tests. 

This finding underscores the heterogeneity in cognitive status among PWH receiving 

ART. Tests of action fluency, verbal learning/memory, and executive function differentiated 

membership across the cognitive subgroups, with a clear gradient of impairment evident 

across the groups. Verb fluency is sensitive to frontal-subcortical dysfunction (Piatt et al. 

1999), and numerous studies demonstrate worse verb fluency among PWH when compared 

to normative data (Woods et al. 2005a, 2006; Iudicello et al. 2007). Action fluency can be 

administered and scored in less than 5 minutes, and the test does not require equipment or 

proprietary materials. Furthermore, descriptions of actions are familiar to individuals from 
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a wide variety of cultures and geographic regions. Collectively, these attributes make action 

fluency a good candidate for inclusion in international test protocols aimed at establishing a 

common data element approach to support neuroHIV research.

An important contribution from the current study is the delineation of distinct cognitive 

subgroups of PWH. Using a data-driven approach, our findings underscore the heterogeneity 

of cognitive performance across PWH. This finding is relevant for efforts focused on 

updating the Frascati criteria for HAND, which currently does not include information 

on cognitive phenotypes. Based on our results, HAND may manifest as one of several 

combinations of impairment in specific cognitive domains. This differs from other 

neurologic disorders that are characterized by a dominant cognitive phenotype, such as 

amnestic memory impairment in Alzheimer’s disease (Albert 1996; Salmon and Bondi 

2009; Milanini and Valcour 2017) and executive dysfunction in subcortical ischemic 

vascular disease (Kramer et al. 2002; Ljubenkov and Geschwind 2016; Paul et al. 2022).

In addition to identifying unique cognitive subgroups, the current study explored putative 

determinants of cognitive subgroup membership. Results from the machine learning analysis 

revealed that the strongest classifiers of membership in Cluster 5 (cognitively impaired) vs. 

Cluster 1 (cognitively normal) included a combination of psychosocial factors and social 

determinants of health rather than traditional clinical metrics of HIV disease. This is not 

to say that viral detectability is irrelevant, as individuals in Cognitive Cluster 5 (impaired 

group) were more likely to have detectable virus. However, viral detectability did not emerge 

as a top classification feature in either the univariate or the interactive GBM. It is possible 

that the relevance of viremia was masked by other features in the models. Nevertheless, 

the results from the current study emphasize the multifactorial nature of risk for cognitive 

impairment among PWH receiving ART.

Substance use also emerged as an important classifier of cognitive subgroup membership. 

Furthermore, the brain regions selected by the classification models (i.e., nucleus 

accumbens, amygdala, superior temporal gyrus, hippocampus, precuneus, cingulate, and 

thalamus) have been implicated in substance use craving, withdrawal, and relapse (Goldstein 

and Volkow 2002; Rippeth et al. 2004; Soontornniyomkij et al. 2016; Tannous et al. 2019). 

Work by Zhang and Volkow suggest that these brain regions are linked to substance use 

behavior through subsystems of the default mode network (DMN; Zhang and Volkow 2019). 

This may explain the interaction between Substance Cluster 1 and volume of the precuneus 

volume, which is a key brain region for DMN connectivity.

It is well established from our team and others that stimulant users experience difficulties 

achieving and maintaining viral suppression. As such, it is not surprising that individuals 

in this study with the most severe cognitive impairment (Cluster 5) included a higher 

proportion of substance users and individuals with detectable viral load (Carrico et al. 2019; 

Feelemyer et al. 2020; Fulcher et al. 2021). While viremia is understood as an important 

risk factor for persistent cognitive symptoms among PWH receiving ART, results from the 

current investigation highlight the relative contribution of neurobehavioral factors that may 

confer increased risk for viremia. Longitudinal studies are needed to examine the potential 

bidirectional associations between neurobehavioral alterations and unsuppressed viral load 
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in stimulant users with HIV. Understanding the neurobehavioral vulnerabilities that possibly 

confer amplified risk for viremia in the context of suppressive treatment has implications for 

the deployment of comprehensive approaches to improve health outcomes (e.g., treatment as 

prevention efforts).

The present study explored cognitive phenotypes using a traditional HIV-centric protocol. 

The battery of tests administered in the current investigation was sufficient to identify 

distinct cognitive subgroups. Nevertheless, it is possible that alternative measures could offer 

additional explanatory information related to discrete cognitive subgroups. For example, 

Martin et al. (2019) reported differential sensitivity to HIV serostatus using a measure of 

probability learning vs. substance use using delayed discounting. These results suggest that 

in addition to action fluency, measures sensitive to the cognitive sequelae of substance use 

such as delayed discounting, merit consideration as a common data element for use in 

neuroHIV research.

Educational attainment was a prominent feature in both the univariate and the interactive 

GBM models. Education and race are well known social determinants of performance on 

standardized cognitive tests (Manly et al. 2004; Mindt et al. 2014). Results from prior 

studies demonstrate that educational experience (both years of attainment and quality of 

education) account for a significant degree of variability in cognitive performance between 

White and non-White individuals regardless of HIV status (Manly et al. 1998; Byrd et 

al. 2006; Amariglio et al. 2020; Eng et al. 2021). Failure to account for these effects in 

studies of HIV-associated cognition has potential to inflate the frequency and/or severity of 

cognitive impairment among racially diverse samples (Paul et al. 2021).

Additional studies are needed to examine cognitive trajectories. Dastgheyb et al. (2019) 

applied principal component analysis and K-means clustering to define subgroups of PWH 

who exhibited longitudinal decline on select cognitive tests. Results revealed four clusters 

with specific cognitive decline on: 1) verbal fluency, 2) learning and recall, 3) executive 

function, or 4) motor function. The four clusters did not differ on measures of HIV disease 

severity (e.g., CD4+ T-cell count, viral detectability), age, education, or distribution of 

sex. However, the subgroup demonstrating decline on tests of verbal fluency included a 

disproportionate percentage of non-White participants, a finding that bolsters the results of 

the current analysis.

Limitations of the study merit attention. The current investigation was cross-sectional in 

nature, and therefore, causal pathways cannot be established. Further, the study sample 

included individuals with variable degrees of viral suppression and heterogeneous histories 

of substance use. As such, the results may not generalize to clinical cohorts with sustained 

viral suppression or cohorts without a history of substance use. Additionally, detailed 

information related to prior exposure to cognitive testing was not available. While it is 

plausible that some individuals benefited from practice effects based on prior exposure 

to the cognitive tests, this would not significantly influence the current findings given 

that the impaired group performed below expectations on multiple measures. There did 

also exist some variability in the latency between MRI and cognitive/clinical/health data 

collection (i.e., ≤ 3 months), but we did not examine this directly in analyses. Finally, it 
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is plausible that acute intoxication from illicit substances negatively affected performance 

on the cognitive tests for individuals with reactive urine screens. However, the observation 

that brain metrics relevant to the addiction network emerged as salient classifiers provides 

additional assurance that impairment on the cognitive tests for the participants in cluster 5 

were not due to acute intoxication.

In summary, we identified cognitive impairment in nearly one-third of individuals with HIV 

receiving ART. Variables that differentiated individuals with normal vs. impaired cognitive 

performance included regional brain volumes involved in addiction, substance use history, 

Black race, lower educational, and detectable viral load. Interventions aimed at bolstering 

cognitive reserve and reducing the burden of substance are mandatory to achieve global 

health initiatives for PWH. Results from the current study support the inclusion of verb 

fluency, verbal learning and memory, and possibly delayed discounting as common data 

set elements to facilitate the harmonization of neuroHIV data across studies. Finally, more 

attention is needed to develop cognitive tests that do not artificially inflate the frequency 

and/or severity of cognitive impairment in racially and ethnically diverse populations.
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Fig. 1. 
Receiver operator curves demonstrating area under the curve derived from the gradient 

boosted multivariate regression model (GBM) and logistic regression; left panel: univariate 

features; right panel: two-way interactive features
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Fig. 2. 
Univariate (top) and two-way interactive (bottom) predictors of cognitive subgroups; 

features are listed in descending order according to mutual information criterion (MIC), 

a metric that describes the relative contribution of each feature to the model; interaction 

terms capture both linear and nonlinear combinations (see Online Resources 3 and 4); results 

suggest prominent contributions of brain volumetrics, demographics, and substance use in 

the delineation of cognitive subgroups
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Fig. 3. 
Volumetric brain regions identified by the GBM as significant predictors of cognitive 

phenotype are represented in a 3-dimensional visualization; many of these regions have 

been implicated in prior research on substance use craving, withdrawal, and relapse; brain 

regions identified by the univariate GBM included the left middle frontal gyrus (red) and 

left amygdala (light green); the interactive GBM included the right precuneus (blue), left 

pericalcarine gyrus (teal), right isthmus cingulate (orange), right thalamus (bright green), 

and the right nucleus accumbens (purple)
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