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A B S T R A C T

Background: clinically relevant methods to identify individuals at risk for impaired daily living abilities sec-
ondary to neurocognitive impairment (ADLs) remain elusive. This is especially true for complex clinical con-
ditions such as HIV-Associated Neurocognitive Disorders (HAND). The aim of this study was to identify novel
and modifiable factors that have potential to improve diagnostic accuracy of ADL risk, with the long-term
goal of guiding future interventions to minimize ADL disruption.
Methods: study participants included 79 people with HIV (PWH; mean age = 63; range = 55�80) enrolled in
neuroHIV studies at University California San Francisco (UCSF) between 2016 and 2019. All participants were
virally suppressed and exhibited objective evidence of neurocognitive impairment. ADL status was defined
as either normative (n = 39) or at risk (n = 40) based on a task-based protocol. Gradient boosted multivariate
regression (GBM) was employed to identify the combination of variables that differentiated ADL subgroup
classification. Predictor variables included demographic factors, HIV disease severity indices, brain white
matter integrity quantified using diffusion tensor imaging, cognitive test performance, and health co-mor-
bidities. Model performance was examined using average Area Under the Curve (AUC) with repeated five-
fold cross validation.
Findings: the univariate GBM yielded an average AUC of 83% using Wide Range Achievement test 4 (WRAT-4)
reading score, self-reported thought confusion and difficulty reading, radial diffusivity (RD) in the left exter-
nal capsule, fractional anisotropy (FA) in the left cingulate gyrus, and Stroop performance. The model allow-
ing for two-way interactions modestly improved classification performance (AUC of 88%) and revealed
synergies between race, reading ability, cognitive performance, and neuroimaging metrics in the genu and
uncinate fasciculus. Conversion of Neuropsychological Assessment Battery Daily Living Module (NAB-DLM)
performance from raw scores into T scores amplified differences between White and non-White study
participants.
Interpretation: demographic and sociocultural factors are critical determinants of ADL risk status among older
PWH who meet diagnostic criteria for neurocognitive impairment. Task-based ADL assessment that relies
heavily on reading proficiency may artificially inflate the frequency/severity of ADL impairment among
diverse clinical populations. Culturally relevant measures of ADL status are needed for individuals with
acquired neurocognitive disorders, including HAND.
© 2021 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/)
Keywords:

ADLs
HIV
Aging
Machine learning
tal Health, University of Mis-

d. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)
1. Introduction

Prevailing diagnostic nosologies for acquired neurocognitive dis-
orders (e.g., Diagnostic and Statistical Manual for Mental Disorders-
5th edition) [1] are based on the premise that altered brain structure
impairs cognitive function relative to premorbid abilities based on
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Research in Context

Evidence before this study

We searched PubMed, Google Scholar, and Google through Feb-
ruary 2021, using the terms: “activities of daily living (ADLs)”
and “HIV” and any combination of the following: “neuroimag-
ing”, “machine learning”, “cognition”, “race”, and “HAND”. Mul-
tiple studies have examined psychosocial and neuroimaging
correlates of cognitive impairment in people with HIV (PWH).
Several studies report modest associations between alterations
in brain integrity and ADLs in PWH, but none have integrated
psychosocial, cognitive, and neuroimaging metrics into a single
explanatory model of ADL risk.

Added value of this study

This is the first study to establish a data-driven predictive
model of ADL risk status derived from multimodal bio behav-
ioral and neurological outcomes to identify key interactions
among predictors that point toward more specific mechanisms
that explain individual differences in task-based ADL perfor-
mance. Results from the study highlight the importance of
structural brain integrity quantified via neuroimaging and per-
formance on tests of executive function. Additionally, Black
race and low reading ability were important factors that distin-
guished individuals according to ADL risk group.

Implications of all the available evidence

Study findings emphasize the importance of brain structure and
cognitive function as predictors of ADL risk, consistent with
existing diagnostic criteria for neurocognitive disorders. Impor-
tantly, the findings also highlight challenges associated with
existing ADL paradigms and the potential for task-based meth-
ods to misclassify racially diverse individuals as impaired.
Development of culturally relevant methods to ascertain ADL
status represents a clinical and research priority for clinical
populations with neurocognitive disorders.
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subjective report or performance on cognitive tests. Mild levels of
cognitive impairment have minimal impact on an individual’s ability
to complete real world activities, referred to as activities of daily liv-
ing (ADLs). By contrast, moderate to severe cognitive impairment
results in demonstrable inability to complete instrumental skills
(financial management, medication adherence, etc.) and eventually,
basic skills (bathing, grooming, etc.) [2].

In practice, predicting risk of ADL impairment is a significant clini-
cal challenge. This is particularly true when ascertaining functional
capacity among individuals with complex clinical conditions that
involve confounding factors (psychosocial, co-morbid health con-
cerns, etc.) that potentially explain below average performance on
standardized testing. Both of these concerns complicate the assess-
ment of ADL risk among the increasingly large population of people
with HIV (PWH) who are now reaching advanced age due to the suc-
cess of suppressive antiretroviral therapy (ART) [3�5].

Numerous studies report modest associations between white
matter alterations on diffusion tensor imaging (DTI) and cognitive
dysfunction among PWH [6,7], as well as associations between cogni-
tive dysfunction and ADL impairment [8�10], but less is known about
the interplay across these dimensions among older PWH who have
achieved viral suppression. Further, prior studies of ADL risk among
older PWH have not examined interactions between ADL risk, brain
structure and function, and social determinants of health that likely
account for a significant amount of variance in ADL risk. Here, we
employed a novel combination of data driven and traditional inferen-
tial methods to develop a predictive model of ADL risk in a sample of
older PWH who completed standardized, multi-dimensional assess-
ments. We predicted that specific features extracted from neuroim-
aging, psychosocial, and HIV disease severity metrics would classify
individuals according to ADL status. We also hypothesized that inter-
actions across predictor variables would improve classification per-
formance and provide novel insights into mechanisms that
differentiate individuals according to ADL subgroup designation. The
ultimate goal of this work is to identify novel and modifiable factors
that have potential to improve diagnostic accuracy of neurocognitive
disorders and, ideally, to define clinical targets to guide interventions
capable of minimizing ADL disruption.

2. Methods

2.1. Study design, setting, and participants

Study participants included 79 virally suppressed (plasma viral
load <50 copies/mL) older PWH (mean age 63, range 55�80). Inclu-
sion criteria were: (1) outpatient, ambulatory status; (2) 55 years of
age or older; (3) English as the primary language; (4) objective evi-
dence of neurocognitive impairment; (5) self-reported ADL decline
documented using the Patient’s Assessment of Own Functioning
Inventory (PAOFI) [11]; and (5) capacity to provide informed consent.
Exclusion criteria: (1) neurologic injury other than HIV; (2) recrea-
tional cocaine or methamphetamine use in the six months before
study participation or use of alcohol or other drugs deemed by case
conference to confound HAND determination; and (3) untreated
major psychiatric disorder (e.g., schizophrenia or bipolar disorder).
The study was approved by the affiliated Institutional Review Boards
(IRBs). Participants provided written consent following a thorough
explanation of study procedures. Individuals were compensated for
their time and transportation Table 1.

2.2. Procedure

Potential study participants were identified via IRB-approved
phone screen. Interested individuals who met general inclusion/
exclusion criteria were scheduled for an initial clinic visit to confirm
eligibility. A structured clinical interview was completed by a neurol-
ogist to identify neurologic injury other than HIV (e.g., stroke). Once
enrolled, individuals completed all procedures within a four-month
window; the exact sequence of assessments was dependent on
scheduling (e.g., scanner availability). Research psychometricians
completed annual training and re-certification for cognitive testing,
and participants were provided rest breaks as needed to ensure high
quality data acquisition. HAND diagnosis was determined through
case conference review of demographic, clinical, and cognitive test
performance, with at least three HIV experts involved in the consen-
sus diagnosis procedure.

2.3. Main outcome variable

2.3.1. ADL subgroup designation
The typical approach to ascertain ADL status involves the use of

subjective rating scales, which are inherently prone to bias from
under- and over-reporting [12]. Information from collateral sources
(e.g., family, spouse, partner) may not be available or sufficient to
determine ADL status [13]. Performance-based measures offer an
alternative approach to determine ADL capacity using measures
intended to represent real-world living skills. Prior studies of task-
based ADL performance in the HIV field have typically relied on very
specific aspects of instrumental ADLs, such as the Medication Man-
agement Test [14]. However, this approach is time-intensive and the



Table 1
Sociodemographic and clinical characteristics for the total sample, by race, and by ADL subgroup status.

Total Sample
(N = 79)

White Participants
(n = 59)

Black Participants
(n = 13)

Non-White/ Non-Black
(n = 7)

ADL Non-Risk
(n = 40)

ADL Risk Group
(n = 39)

Age in years: Mean (SD) 63¢1 (5¢1) 63¢3 (4¢9) 64¢1 (5¢9) 59¢7 (3¢7) 64¢3 (5¢1) 61¢9 (4¢8)
Education in years: Mean (SD) 15¢8 (2¢5) 16¢3 (2¢3) 14¢5 (2¢4) 13¢7 (2¢1) 16¢5 (2¢5) 15¢0 (2¢2)
% Male 95% 98% 77% 100% 95% 95%
% MSM 79% 88% 31% 86% 83% 74%
Nadir CD4 T-cell count: Median (IQR) 183 (219) 180 (159) 217 (296) 100 (288) 199 (176) 128 (262)
Current CD4+ T-cell count: Median (IQR) 620 (382) 578 (321) 731 (555) 781 (902) 643 (333) 540 (438)
Plasma HIV RNA suppression 100% 100% 100% 100% 100% 100%
WRAT-4 T-score: Mean (SD) 50 (10) 51¢50 (8¢86) 42 (14¢98) 48¢81 (2¢43) 52¢8 (9¢9) 46¢7 (9¢2)
Geriatric Depression Scale: Mean (SD) 9¢4 (6¢3) 9¢9 (6¢7) 7¢8 (6¢0) 9¢0 (4¢0) 9¢5 (6¢1) 9¢4 (6¢7)

MSM =Men who have sex with men. SD = Standard deviation. IQR = Interquartile Range. One participant reported a history of learning difficulty, and one par-
ticipant reported current use of an opioid medication for chronic pain. Non-White/Non-Black subgroup was comprised of the following: Native Hawaiian or
Pacific Islander (n = 2), Asian (n = 1), and (n = 4) endorsed “other”.
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results do not address a broad range of ADLs important to patients,
families, and care providers (e.g., driving, financial management).

The current study examined task-based ADL performance using
the Neuropsychological Assessment Battery Daily Living Module
(NAB-DLM) [15]. The NAB-DLM includes five subtests: (1) Daily Living
Immediate and Delayed Memory; (2) Bill Payment; (3) Judgment; (4)
Map Reading; and (5) Driving Scenes. The Daily Living Memory sub-
test required individuals to learn and remember information related
to medication instructions as well as a fictitious name, address, and
phone number. Bill Payment required individuals to demonstrate the
steps involved in payment and record keeping of a fictitious utility
bill; a blank check, check ledger, and envelope were provided. The
Judgment subtest required participants to answer questions pertain-
ing to home safety, health, and medical issues. On Map Reading, par-
ticipants were shown a fictitious map depicting highways,
boulevards with street names, and directional markers and then
were asked questions about the information (e.g., number of miles
between points). On the Driving Scenes subtest, participants were
shown a line drawing depiction of a two-lane road viewed from the
perspective of the driver. Subsequently, modified scenes were pre-
sented, and participants were required to identify the specific modifi-
cations. Raw scores were converted to demographically adjusted T-
scores using normative data from the NAB manual.

We defined two ADL subgroups based on the total T-score for the
NAB-DLMmodule. A T-score of 45 was employed to differentiate nor-
mative performance (T-score of �45) vs. at risk performance (T-score
<45). We used the full-scale total score rather than individual
domain subscales of the NAB-DLM as recommended by the NABman-
ual. The designated cutoff score of 45 represents performance that is
one-half standard deviation below normative expectations, which is
recognized as a salient threshold for detecting clinically relevant
effects [16]. The cutoff also yielded similar sample sizes between the
normative vs. at risk subgroups, a design consideration that supports
reliability of the machine learning approach [17].
2.4. Predictor variables
2.4.1. Imaging acquisition
Diffusion images were acquired using a 3T Siemens Prisma Fit MRI

with a 64-channel head coil. A single shot spin- echo planar imaging
(SE-EPI) sequence was acquired for 69 axial slices providing whole
brain coverage, using 2¢0 mm isotropic voxels, 85/180 flip/refocusing
angle. An integrated parallel acquisition technique (iPAT) accelera-
tion factor of two and a multi-band acceleration factor of three was
utilized with an EPI factor of 110. Two B0 volumes with opposite
phase encoding (AP/PA) were acquired with TE=7080, TR=72¢2 ms.
Diffusion-weighted parameters were as follows: TE=2420 and
TR=72¢2 ms used to three multi-shells (10 vol) with 96 non-collinear
diffusion sensitization directions at b = 2500 s/mm2, 48 directions at
b = 1000 s/mm2, and 30 directions at 500 s/mm2.

Scans were visually inspected and denoised to remove artifacts.
Diffusion-weighted images were registered to the first B0 vol using
MCFLIRT in FSL [18]. Relative and absolute displacement thresholds
were set at 1 mm. Brain tissue was extracted by applying a median
Otsu function [19] to create a mask by applying a 4 mm radius with
four iterations to the B0 acquisition. Images were then corrected for
eddy currents and fit to tensor eigenvalues using the Diffusion Imag-
ing in Python Package [20]. A non-linear least squares approach was
utilized to derive fractional anisotropy (FA), mean diffusivity (MD),
axial diffusivity (AD), and radial diffusivity (RD) maps normalized
and warped to group template space using Diffusion Tensor Imag-
ing�Tool Kit (DTI-TK). Skeletonized FA maps eliminated anatomical
variability by projecting voxels of maximum anisotropy onto a group
template skeleton for registered statistical comparison.

Five regions of interest (ROIs) were derived from the Johns Hop-
kins University (JHU) ICBM-DTI-81 atlas. The JHU atlas space was
transformed to DTI-TK space using warping parameters. Advanced
Normalization Tools (ANTs; http://stnava.github.io/ANTs/) was uti-
lized to extract FA, MD, AD, and RD from averaged, transformed
group maps. The five ROIs included the genu of the corpus callosum,
uncinate fasciculus, superior longitudinal fasciculus, corticospinal
tract, and the cingulate gyrus portion of the cingulum bundle. These
tracts were selected a priori based on results from prior studies dem-
onstrating relevance to cognitive performance in PWH, including
alterations in brain connectivity observed in older PWH [6]. FA, MD,
RD, and AD from each hemisphere were included in the analyses.

2.4.2. Neurocognitive assessment
Participants completed neurocognitive tests with known sensitiv-

ity to HIV and aging (see Lezak et al. [21] for additional information
on each test and relevant citations). The cognitive battery is provided
below by domain. However, the raw scores from each test (rather
than aggregated domain scores) were included in the analysis. Atten-
tion: Stroop Color Naming, California Verbal Learning Test-II (CVLT-II)
Trial 1, and Digit Span Forward; Psychomotor/Motor: Trail Making A,
Finger Tapping (dominant and non-dominant hand), and Grooved
Pegboard (dominant and nondominant hands); Executive Function:
Trail Making B, Stroop Interference Test, Lexical Fluency (D words),
Digit Span Backward, and Design Fluency; Learning and Memory: total
recall across the learning trials of the CVLT-II and recall on the long
delay trial. Visual learning and memory were examined using the
Benson Figure Recall; Visuospatial: Benson Figure Copy and Visual
Object and Space Perception (VOSP); Language: Category Fluency and
Boston Naming Test-Short Form (BNT-SF).

Subjective ratings of cognition and ADL status were recorded
using two self-report questionnaires. As noted above, the PAOFI [11]
was administered to document functional decline believed to be

http://stnava.github.io/ANTs/
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associated with cognitive difficulties. The PAOFI is a multi-dimen-
sional assessment of cognitive and daily living skills comprised of 33
questions. Responses are rated using a 6-point scale (“almost
never” to “almost always”). Item level responses were included in the
primary analyses to define specific components of self-reported func-
tional decline that corresponded to ADL risk from the perspective of
the study participant. Participants also completed a self-report mea-
sure of basic activities of daily living (BADLs) and instrumental activi-
ties of daily living (IADLs) using a measure based on scales developed
by Katz [22] and Lawton and Brody [23] The questionnaire included
16 questions pertaining to ADL function. Participants rated their level
of performance as either independent or in need of at least some
assistance (to full dependence). Unlike the PAOFI, this additional
measure of ADL status did not differentiate between cognitive and
physical etiologies to the ADL decline. Item level responses were
included in the machine learning analysis.

2.4.3. Sociodemographic variables
Age, number of years of education, and race were included. Race

was included as a three-level variable that included Black partici-
pants, White participants, and non-Black/non-White participants.
The non-Black/non-White group was made up of the following:
Native Hawaiian or Pacific Islander (n = 2), Asian (n = 1), and “other”
(n = 4). The at-risk ADL subgroup (n = 39) consisted of 24 White par-
ticipants, 10 Black participants, 1 Asian participant, 1 Native Hawai-
ian or Pacific Islander participant, and 3 “other” race individuals,
while the normative ADL subgroup (n = 40) consisted of 35 White
participants, 3 Black participants, 1 Native Hawaiian or Pacific
Islander participant, and 1 “other” race individuals. Participants com-
pleted the Wide Range Achievement Test-4 Word Reading test
(WRAT-4) [24], a measure of word reading performance that requires
individuals to pronounce words spelled with either typical or atypical
phonetics. The WRAT-4 has been utilized in prior studies of PWH as a
proxy for educational quality and cognitive reserve [25,26].

2.4.4. Mood assessment
Participants completed the Geriatric Depression Scale-II (GDS-II)

[27]. Total score served as the dependent variable.

2.4.5. HIV variables
Plasma CD4 T-cell count was quantified using standard laboratory

procedures from blood acquired at study enrollment. Nadir plasma
CD4 T-cell count was documented from medical records. To be eligi-
ble for this study, all participants were defined as undetectable based
on having no history of two or more consecutive clinical visits
(approximately three months apart) with detectable plasma viral
load (i.e., >50 copies/mL). Viral blips (defined as a single event of
detectability) were not exclusionary.

2.5. Statistical analysis

Demographic and HIV clinical variables were summarized using
descriptive methods. Categorical comparisons (e.g., race) were exam-
ined using Chi Square. The classification model of ADL subgroup des-
ignation (normative vs. at risk) was built using gradient boosted
multivariate regression (GBM). A more detailed review of GBM is pro-
vided by Miller et al. [28] In brief, GBM combines the outcomes of
two or more individual machine learning prediction models to estab-
lish a final composite model that benefits from the errors generated
by the preliminary base models. The ultimate goal is to reduce the
variance component of the prediction error by adding bias (i.e., in the
context of the bias-variance trade-off) during the learning trials. Con-
ceptually, GBM benefits from a “wisdom of crowds” approach, with
prediction performance similar to meta analytic strategies such as
Super Learner [29]. GBM has been successfully employed to identify
novel explanatory mechanisms of complex psychiatric disorders
[30�33], and neuroimaging substrates of Alzheimer’s disease (AD)
[34]. Additionally, we recently employed GBM to classify older PWH
who meet clinical criteria for frailty [35], and to predict neurodeve-
lopmental outcomes in children infected with HIV perinatally [36].

2.5.1. Feature selection and model evaluation
Feature selection was conducted using an in-house program

based on SciKit and PDPBox [35,36]. Class labels were determined
using a probability score based on the sigmoid function (1/(1 + e^
(-x))). A 0¢5 decision boundary and gradient descent were imple-
mented to minimize prediction error. Highly correlated features
(r>0¢65) were managed via retention of the feature with the highest
mutual criterion information. Missing data are permissible using
GBM given no greater than 20% missing data per variable, a rule that
was exceeded in this data set by over 90% of entered variables (out of
over 200). Missing data for the remaining cases were imputed based
on median values per variable. The final classification model was
based on the six input features with the highest mutual criterion
information. We have utilized this approach in past studies to reduce
the risk of overfitting as well as facilitate clinical interpretation of the
final classification model [37,38]. Additionally, we tested whether a
larger number of features resulted in meaningful gain in classification
accuracy, defined by an increase in average area under the Curve
(AUC) >1SD from the base model. This approach ensured that the
final algorithm was comprised of the most salient features. For the
current analysis, model saturation was achieved with six input fea-
tures. Separate algorithms evaluated univariate features and two-
way interactions. To minimize overfitting, the stability of the models
was evaluated using five-fold cross validation with five repeated tri-
als (25 validation trials). The algorithms were trained using each iter-
ation of the folds. The final metric of model performance was AUC,
averaged across the repeated validation trials.

2.5.2. Comparison to logistic regression
Results from the univariate and interactive GBM models were

compared to logistic regression, a traditional classification approach
used for binary outcomes. To facilitate this comparison, we imple-
mented a two-step process to build the logistic regression models.
The first step ranked the predictive features by relative association
strength from all pairwise correlation coefficients. The second step
involved selection of the top six features defined in step one to exam-
ine the predictive relevance in the logistic regression. The first step
increases model performance beyond what can be achieved through
traditional regression by exploring and selecting the most salient cor-
relates, but the method allows for a more direct comparison to model
performance relative to the GBM. Logistic regression is more suscep-
tible to missing data than GBM, and therefore missing data were
removed in a list wise fashion.

2.6. Role of the funding source

The funding source had no role in the study design, collection,
analysis, or interpretation of the data, writing of the report, or deci-
sion to submit the paper for publication. Dr Robert Paul had access to
the dataset and responsible for the decision to submit the manuscript
for publication.

3. Results

3.1. GBM classification of ADL subgroup status

The base GBM model with univariate features yielded an average
AUC of 83% (Accuracy: 74%; Precision: 75%; Recall: 74%; F1 score:
75%; Fig. 1, panel a). This model indicated that (1) lower WRAT-4
scores; (2) greater frequency of thought confusion (PAOFI item #25);
(3) lower RD in the left external capsule; (4) difficulty understanding



Fig. 1. Predictors of ADL risk groups defined by the univariate and interactive GBMmodels.
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reading (PAOFI item #13); (5) lower performance on the Stroop inter-
ference task; and (6) higher FA in the left cingulate gyrus predicted
membership in the at-risk ADL subgroup (Fig. 2, panel a).

3.2. GBM classification of ADL subgroup status with two-way
interaction features

The GBM model allowing for two-way interactions yielded an
average AUC of 88% (Accuracy: 80%; Precision: 82%; Recall: 79%; F1
score: 80%; Fig. 1, panel b) using the following features: (1) identifica-
tion of Black race and lower CVLT-II trial 5 score; (2) frequent diffi-
culty recognizing/identifying printed words (PAOFI item #12) and
lower WRAT-4 score; (3) higher MD in the genu of the corpus cal-
losum and lower BNT-SF score; (4) lower left hemisphere RD in the
uncinate fasciculus and lower BNT-SF score; (5) self-reported diffi-
culty recognizing/identifying printed words (PAOFI item #12) and
lower performance on the Digit Span Backward test; (6) self-reported
difficulties recognizing/identifying printed words (PAOFI item #12)
and lower score on the BNT-SF (Fig. 2, panel b).

3.3. Classification of ADL subgroup status using logistic regression

Ranked by regression coefficient, the base logistic regression
model yielded an average AUC of 87% (Accuracy: 80%; Precision: 79%;
Recall: 82%; F1 score: 80%; not shown) based on (1) difficulty under-
standing reading material (PAOFI item #13); (2) lower BNT-SF score;
(3) difficulties losing things or remembering where things are placed
(PAOFI item #9); (4) self-reported difficulty getting in or out of a bed
or chair; (5) confused or illogical thoughts (PAOFI item #25); and (6)
lower score on Digits Span Forward.

The logistic regression allowing for two-way interactions yielded
an average AUC of 77% (Accuracy: 72%; Precision: 70%; Recall: 78%;
F1 score: 74%; not shown) based on: (1) higher RD in the left uncinate
fasciculus with worse BNT-SF score; (2) self-reported difficulty with
bathing and taking medication; (3) worse performance on Stroop
Color Naming; (4) poorer performance on the Benson Figure Recall
with worse BNT-SF; (5) difficulty understanding reading material
(PAOFI item #13) and self-reported preference to be shown versus
told how to do things (PAOFI item #14); and (6) self-reported diffi-
culty with dressing oneself.

3.4. Post-hoc analysis

Given the relevance of race defined in the GBM models, we exam-
ined variability in NAB-DLM scores as a function of self-identified
race. Average performance on the NAB Daily Living Memory Recall
test (T = 36) and Bill Payment test (T = 35) was more than 1 SD below
norms for Black participants. Similarly, the average score on the Bill
Payment test was more than 1¢5 SD (T = 34) below the mean for indi-
viduals who identified as neither White nor Black. Ridgeline plots
(Fig. 3) depict significant race-related discrepancies between raw
scores and corresponding T scores on the NAB-DLM. A two-point dif-
ference in raw scores was sufficient to drive the T scores for Black
participants into the impaired range after converting raw scores into
T scores using the norms in the NAB-DLM manual. See Supplemental
Materials Table 2.

4. Discussion

Study findings provide important insights related to ADL risk
assessment for older PWH. Consistent with our primary hypothesis,
our machine learning approach yielded a robust classifier of ADL sta-
tus. We also demonstrate that psychosocial factors (e.g., racial iden-
tity and reading proficiency) contribute to the prediction model for
ADL risk subgroup status. This observation is important as existing
diagnostic schemes for neurocognitive disorders do not provide



Fig. 2. Directionality of predictors of NAB-DLM ADL risk subgroup.

Fig. 3. Ridgeline plot displaying distributions of NAB-DLM raw and T-scores by race.
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Table 2
NAB-DLM T-scores for the total sample, by race and by ADL subgroup status.

Total Sample
(N = 79)

White Participants
(n = 59)

Black Participants
(n = 13)

Non-White/ Non-Black
(n = 7)

ADL Non-Risk
(n = 40)

ADL Risk Group
(n = 39)

Daily Living Memory Immediate Recall 46¢77 (9¢36) 48¢49 (8¢31) 41¢31 (12¢02) 42¢43 (8¢26) 52¢08 (7¢36) 41¢33 (8¢03)
Daily Living Memory Delayed Recall 43¢91 (11¢96) 45¢81 (11¢75) 36¢00 (9¢43)* 42¢57 (13¢15) 50¢25 (10¢60) 37¢41 (9¢62)*
Bill Payment 45¢66 (10¢53) 48¢02 (8¢49) 35¢54 (12¢99)* 34¢01 (11¢41)* 50¢28 (6¢11) 40¢92 (11¢99)
Judgment 50¢28 (11¢44) 52¢58 (11¢25) 43¢08 (8¢77) 44¢29 (10¢80) 56¢08 (10¢73) 44¢33 (8¢88)
Map Reading 44¢54 (9¢03) 45¢19 (8¢78) 42¢46 (10¢49) 43¢00 (8¢87) 47¢28 (9¢44) 41¢74 (7¢75)
Driving Scenes 44¢95 (8¢42) 45¢81 (8¢03) 42¢15 (9¢55) 42¢86 (9¢34) 48¢90 (7¢69) 40¢90 (7¢17)
Overall NAB-DLM score 46¢02 (5¢93) 47¢65 (5¢10) 40¢09 (6¢40) 43¢29 (3¢60) 50¢81 (3¢19) 41¢11 (3¢57)
* Average T-score below clinical threshold for impairment (T<40).
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guidance related to social determinants of ADL risk. Finally, we devel-
oped a parsimonious classification algorithm that leveraged explana-
tory power from two-way interactions, with significant contributions
from brain white matter tracts that support executive (e.g., uncinate
fasciculus, genu of the corpus callosum) and psychomotor (e.g., exter-
nal capsule) functions.

Consistent with prior studies demonstrating associations between
executive performance and ADL disruption [39�41], the GBM model
selected two measures of executive function/working memory
(Stroop and Digits Backward) as top classifiers of ADL subgroup sta-
tus. By contrast, delayed memory performance did not emerge as a
relevant classifier of ADL subgroup designation in this sample of older
PWH, a finding that reinforces the need to attend to etiological mech-
anisms that disrupt brain regions supporting executive functions
rather than degenerative mechanisms such as Alzheimer’s disease.

It should be noted that the brain regions implicated in the current
study are also relevant to mood/emotional dysfunction [42,43]. After
the introduction of ART in 2005, the relevance of mood dysfunction
on HIV-related clinical outcomes focused on the potential negative
effects on suboptimal adherence to ART. However, work conducted
in the pre-ART era describes a direct link between mood and immune
dysregulation and disease progression in PWH [44,45]. In alignment
with these studies, recent work by our team reveals a plausible path-
way that links mood dysregulation and neuroimmune activation to
chronic CD4/CD8 T-cell inversion and the development of T-cell
exhaustion, both of which increase the risk of significant health com-
plications for PWH despite otherwise successful ART [45]. Longitudi-
nal studies are needed to more completely delineate the intersection
between white matter microstructural alterations, mood dysregula-
tion and cognitive impairment as a causal pathway toward ADL dis-
ruption among PWHwho are advancing into older ages.

Importantly, our results highlight the importance of reading abil-
ity as a precursor to performance on task-based ADL protocols such
as the NAB-DLM. In the present study, the WRAT-4 Reading subtest
and the Boston Naming Test-Short Form emerged as important classi-
fiers in the univariate model and features in the two-way model. The
observation that language-centric cognitive measures predicted per-
formance on the NAB-DLM is most likely explained by the emphasis
of language-based components of everyday living in the subtests of
the NAB-DLM [15]. To this end, the associations between reading pro-
ficiency and racial identity observed in the present study may repre-
sent autocorrelations.

Differences on the NAB-DLM between White and non-White
study participants were most prominent on the Bill Payment, Map
Reading, and the Driving Scenes subtests. It is probable that differen-
ces in exposure/experience conducting these activities contribute to
the performance differences, rather than acquired cognitive
impairment. Ethnic minorities in the US are more likely to utilize
alternative financial service providers (check cashing, money orders,
etc.) [46,47] compared to commercial banking institutions and per-
sonal checking accounts. As such, task-based methods that require
individuals to apply skills related to the management of a personal
checking account (e.g., balancing a fictitious checkbook) are likely to
amplify performance differences. A similar concern exists for the
Map Reading and Driving Scenes subtests given that minorities and
individuals with lower income are more likely to utilize public trans-
portation versus drive personal vehicles [48]. While the relatively
limited number of Non-White individuals in this sample is recog-
nized as a methodological limitation, our results suggest that clini-
cians should consider the degree to which sub-average performance
on task-based ADL measures reflect sociocultural factors.

Another source of potential bias relates to cultural representative-
ness in published normative data. The NAB-DLM normative sample
included a disproportionately low number of older Black individuals
when compared to US census data at the time. As consequence, small
differences in performance on the NAB-DLM between Black and
White study participants translated into pronounced differences
when raw scores were converted to standardized T-scores. On three
NAB-DLM subtests, raw score differences between Black and White
participants of approximately two points became �10-point gaps
after conversion to T-scores. As such, Non-White participants with
raw scores that differed by only one or two questions from White
participants were likely to be defined as impaired. Misclassification
of cognitive impairment is not a new problem [49], but few studies
have focused on social determinants that have potential to artificially
inflate impairment in ADLs among individuals from diverse ethnic
and racial backgrounds.

Limitations of the study merit discussion. The dimensional charac-
terization of the sample allowed for the most complete phenotyping
of ADL status of virally suppressed older adults conducted to date, yet
the total sample size was restricted. As such, it is possible that
extreme scores on a given variable (particularly the WRAT-4) could
skew the results of the machine learning analysis. We do not believe
this is a likely outcome as the reading and cognitive test scores in this
sample are consistent with the results reported in other studies
[50,51]. Given the older age of the study participants, all of whom
were virally suppressed, the results may not generalize to younger
PWH and/or those with uncontrolled viremia. Additionally, while we
utilized a number of strategies to minimize overfitting, including
five-fold cross validation with multiple repeat trials, focused inclu-
sion of input features in the algorithm, etc., additional studies are
needed to examine the clinical relevance of the classification algo-
rithm in larger, more racially and ethnically diverse samples who are
followed longitudinally. Additionally, studies that examine predictive
features of the individual subtests of the NAB would be of interest.

Results from the current study provide an important foundation
to establish clinically relevant predictive models of ADL risk among
older PWH with neurocognitive impairment. Our study findings
highlight the importance of sociocultural factors, in addition to brain
structure and function, as predictors of ADL status when measured
using existing task-based protocols. Development of culturally relevant
methods to ascertain ADL status, including methods that are specific to
HIV, represents a clinical and research priority to prevent errors that
could propagate health disparities among diverse populations.
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