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ABSTRACT

The incidence of alcohol use disorder (AUD) in human immunodeficiency virus (HIV) infection is twice that of the rest
of the population. This study documents complex radiologically identified, neuroanatomical effects of AUD+HIV
comorbidity by identifying structural brain systems that predicted diagnosis on an individual basis. Applying novel
machine learning analysis to 549 participants (199 control subjects, 222 with AUD, 68 with HIV, 60 with AUD+HIV),
298 magnetic resonance imaging brain measurements were automatically reduced to small subsets per group.
Significance of each diagnostic pattern was inferred from its accuracy in predicting diagnosis and performance on six
cognitive measures. While all three diagnostic patterns predicted the learning and memory score, the AUD+HIV
pattern was the largest and had the highest predication accuracy (78.1%). Providing a roadmap for analyzing large,
multimodal datasets, the machine learning analysis revealed imaging phenotypes that predicted diagnostic mem-
bership of magnetic resonance imaging scans of individuals with AUD, HIV, and their comorbidity.
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Alcohol use disorder (AUD) is common (1), and its comorbidity
in individuals with human immunodeficiency virus (HIV) infec-
tion is high (2-4), occurring at a rate twice that of the general
population (5). AUD and HIV infection each disrupts brain
structural integrity with the likely outcome of reducing health-
related quality of life and cognition (3,4). AUD targets, among
other regions, the frontal cortices (6-8) and cerebellum (9,10).
HIV similarly compromises the frontal cortices, but also the
cingulate and parietal regions [e.g., (11)]. AUD and HIV are
independently associated with volume deficits in the thalamus,
hippocampus, caudate, and putamen [e.g., AUD (4,10,12), HIV
(4,11,13)]. Relatively few brain studies have examined the
heightened burden of disease comorbidity (2,14), which has
the potential to exacerbate the untoward effects on neural
systems through synergistic or additive processes (15,16).
AUD+HIV shows moderate to severe abnormalities, especially
in frontal cortices and thalamus (17).

One possible solution to enhance understanding of the
complex neurological effects of AUD+HIV comorbidity is to
encode the architecture of the whole brain of an individual
through large numbers of measures extracted from a fine-
grained parcellation of brain regions. To date, however,
morphometric brain studies on AUD and HIV have relied on
univariate testing of relatively few magnetic resonance imag-
ing (MRI) metrics that are separately related to diagnostic
groups (2,3,11,14-16,18-21). Alternatively, machine learning

approaches (22-25) can jointly analyze a large number of
metrics by combining them into a single score. To highlight the
power of such multivariate analysis (22,26) for expanding
knowledge about neuropsychiatric disorders, we derived
diagnostic scores to predict diagnosis from MRIs collected in
individuals with AUD, HIV, or their comorbidity.

To test the hypothesis that MRIs can be used to predict
diagnosis and cognitive measures in individuals with AUD,
HIV, or their comorbidity, we first improved on a technology
called sparse classification (27-29). We then applied the
corresponding novel machine learning analysis to a dataset
of 549 MRIs of control subjects and individuals diagnosed
with one of the three disorders, taken from our previous
report on 30 regional volumes (17). Each MRI was now
quantified in terms of 298 brain regional metrics of volume,
surface area, thickness, and curvature. For each disorder, our
data-driven approach first identified a diagnostic pattern by
automatically reducing the large number of MRI metrics to a
small subset affected by the disorder. The subset of metrics
was then applied to each individual MRl to compute a
diagnostic score to predict diagnosis and cognitive ramifi-
cations in the corresponding participant. By doing so, our
machine learning analysis identified structural differences
from control subjects in individuals not only with AUD [as in
Guggenmos et al. (30)], but also with HIV and AUD+HIV
comorbidity.

SEE COMMENTARY ON PAGE 508

© 2019 Society of Biological Psychiatry. Published by Elsevier Inc. All rights reserved. 589

ISSN: 2451-9022

Biological Psychiatry: Cognitive Neuroscience and Neuroimaging June 2019; 4:589-599 www.sobp.org/BPCNNI

Biological
Psychiatry:
CNNI


https://doi.org/10.1016/j.bpsc.2019.02.003
http://www.sobp.org/BPCNNI

METHODS AND MATERIALS

Participants

The four groups comprised 199 healthy control subjects
(CTRL), 222 individuals with AUD (AUD), 68 HIV-infected in-
dividuals (HIV), and 60 subjects with AUD and HIV infection
(AUD+HIV). Participants ranged in age between 25 and 75
years.

Participants with AUD were screened to meet DSM-IV
criteria for alcohol dependence or abuse and DSM-5 criteria
for AUD, have =10 years of heavy drinking, and habitually
consume =150 drinks a month for men or =90 for women. The
study recorded their days after last drink, total lifetime alcohol
consumed in kilograms, and alcohol consumed in the past
year.

Participants in the non-AUD groups (e.g., the HIV and CTRL
groups) met neither DSM-IV criteria for alcohol dependence or
abuse nor DSM-5 criteria for AUD. HIV group subjects were
seropositive for the HIV infection with CD4 count >100 cells/
uL (average: 303.0) and had a Karnofsky score =70 (31).
Participants in the CTRL group had never met DSM-IV or DSM-
5 criteria for any neuropsychiatric disorder and tested negative
for HIV infection. The two HIV groups had higher mean Vet-
erans Aging Cohort Study indices (32) than either the CTRL or
AUD groups (Table 1). Note that the Veterans Aging Cohort
Study defines a score based on preassigned points for age,
HIV indicators (CD4 count and HIV-1 RNA), and general in-
dicators of organ system injury (see Supplement for details).

Participants completed neuropsychological tests assessing
six cognitive, motor, and social functional domains. Composite
scores of each domain were derived from age- and education-
corrected Z scores based on control performance: verbal
language, executive function, learning and memory (LM),
speed of information processing, motor skills, and quality of
social functioning. Table 1 lists their mean = SD as well as the
medication history of participants (see Supplement for details).

The neuropsychological scores were based on the means
of composite scores representing six functional domains
[cf. (33,34)] described previously [Supplemental Material in
Pfefferbaum et al. (17)]. Raw scores from tests included in each
composite score were age-corrected, based on 66 male and
85 female healthy control subjects who were 20 to 67 years of
age at their first examination, and expressed as standardized Z
scores. All metrics (e.g., speed scores such as Trails A and B)
were transformed so that higher scores were in the direction of
better performance. Each of the composite scores was the
mean of the Z scores of available test measures for each
participant: executive function comprised Trail Making Test
Part B (35) or Color Trails 2 (36) time, Wechsler Memory Scale—
Revised (37) or MicroCog (38) forward and backward digit
span, and the Stroop Color and Word Test raw score (39); LM
comprised the Rey-Osterrieth Complex Figure Test immediate
recall raw score (40) and Wechsler Memory Scale-Revised
Logical Memory index (immediate recall total raw score) (37)
or MicroCog Memory index (immediate recognition score)
(38); verbal language comprised FAS letter fluency total score
(41) and National Adult Reading Test (42), Peabody (43), or
Wechsler Test of Adult Reading (44) total score; speed of in-
formation processing comprised Trail Making Test Part A (35)
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or Color Trails 1 (36) time, digit symbol (45) or symbol digit
(46) raw score, and Stroop Color and Word Test raw score (40);
motor skills comprised the grooved pegboard test mean of left
and right hand scores (47), fine finger movement test mean of
all conditions (48), and ataxia mean score of standing on the
left and right legs separately (49); and quality of social func-
tioning comprised 21-ltem Short Form Survey Quality of Life
total raw score (50), Global Assessment of Functioning score
(current) (51), and activities of daily living (combined perfor-
mance and instrumental scores) (52). Participants underwent
different cognitive tests for some domains because some tests
were replaced during the longitudinal study.

MRI Data Acquisition and Preprocessing

Imaging data were acquired on a 3T SIGNA system (GE
Healthcare, Waukesha, WI) using an eight-channel Array
Spatial Sensitivity Encoding Technique coil for parallel and
accelerated imaging. Inversion recovery—-spoiled gradient
recalled echo sequence (repetition time = 7.068 ms, inversion
time = 300 ms, echo time = 2.208 ms, flip angle = 15°, 256 X
256 matrix, slice dimensions = 1.25 mm X 0.9375 mm X
0.9375 mm, 124 slices) were collected in the sagittal plane.

Processing of a T1-weighted MR image (see Supplement for
details) resulted in the supratentorial volume according to the
SRI24 atlas (53) and the Z scores of 298 morphometric mea-
surements extracted by FreeSurfer (54-56). Note that baseline
volumetric MRI data of the 549 participants were previously
published (17) but were derived solely from 30 regions of in-
terest (ROIs) of the SRI24 atlas (53), rather than the FreeSurfer
atlas used herein.

The morphometric measurements of the CTRL group varied
significantly with age, sex, and supratentorial volume (Pearson
correlation p < .005). These confounding factors were
regressed out from the morphometric measurements by
parameterizing a general linear model (57) on the control
subjects of the training data. Details can be found in
Supplement.

Machine Learning for Statistical Analysis

The data were divided into three diagnosis-specific sets: AUD
(n = 222) versus CTRL (n = 199) groups, HIV (n = 68) versus
CTRL (n = 199) groups, and AUD+HIV (n = 60) versus CTRL
(n = 199) groups. With respect to each dataset, our analysis
followed the three steps outlined in Figure 1. Specifically, we
first identified a diagnostic pattern by applying a multivariate
machine learning method [see Adeli et al. (27)] (see
Supplement for details) to the entire dataset (step 1), which
also automatically matched the sample size of the two cohorts.
The resulting pattern was applied to individual MRIs producing
a diagnostic score, which was the prediction of an individual’s
having the diagnosis based solely on brain MRI measure-
ments. The perfect diagnostic score for CTRL group was 0.0;
for any individual from the diagnostic group, the perfect
diagnostic score was 1.0. The diagnostic pattern was also
correlated with the six cognitive scores recorded for members
of that diagnostic group (step 2). Correlations that were posi-
tive and had a p value <.05 were reported. Step 3 measured
the accuracy of the machine learning method via 10-fold
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Table 1. Demographic Information and the Statistics of the Cognitive and Clinical Measures for Each Group

p Value HIV p Value AUD+HIV p Value Pairwise
CTRL Group  AUD Group (vs. CTRL Group (vs. CTRL Group (vs. CTRL Group
(n =199) (n =222) Group) (n =68) Group) (n =60) Group) Differences®

Demographic Variables

Female/male 92 (46)/107 (54) 66 (30)/156 (70) 4.8108 x 10™* 21 (31)/47 (69) 0017 22 (37)/38 (63) <.00001 v%1 = 13.4, p = .004

Age, years 46.7 £ 14.2 48.4 =99 NS 514 = 8.7 .0102 51.7 = 6.9 .0118 CTRL = AUD < HIV = AUD+HIV

Education, years 16.0 £ 2.3 13.4 £ 24 <.00001 135 £ 24 <.00001 13.0 = 2.1 <.00001 CTRL > AUD = HIV = AUD+HIV

Socioeconomic status 255 *+11.6 409 = 144 <.00001 40.7 = 14.2 <.00001 452 = 12.2 <.00001 CTRL < AUD = HIV = AUD+HIV

(lower value means higher status)

Body mass index, kg/m? 259 =42 26.8 = 4.8 .0408 26.6 = 4.7 NS 26.8 = 4.9 NS CTRL = AUD = HIV = AUD+HIV

Asian/African American/Caucasian/other 28/28/127/16 4/71/117/30 <.00001 0/31/34/3 <.00001 0/38/17/5 <.00001 ¥21 = 97.80, p < .0001
Clinical Variables

Days after last drink - 196.9 = 507.9 - - - 398.9 + 1126.8 - AUD = AUD+HIV

Total lifetime alcohol 34.0 = 57.0 1206.2 + 885.7 7.4523 X 10°4° 110.5 + 240.7 NS 1081.0 += 916.1 4.9219 X 10728 CTRL = HIV < AUD = AUD+HIV

consumed, kg

Alcohol consumed in past year, kg - 422 = 457 - - - 14.0 £ 17.7 - AUD > AUD+HIV

VACS index 13.8 £ 12.3 15.0 £ 12.7 NS 27.3 +18.1 4.6496 x 1077 32.8 =+ 225 51148 X 107° CTRL = AUD < HIV = AUD+HIV

CD4 cell count (100/mm?3) - - - 303.0 = 188.7 - 278.9 £ 216.5 - HIV = AUD+HIV

Nadir CD4 (1 00/mm3) - - - 202.0 £ 176.4 - 208.5 = 174.4 - HIV = AUD+HIV

Viral load - - - 2.13 = 1.14 - 2.24 = 1.18 - HIV = AUD+HIV

On HAART medication, % - - - 88 - 87 - HIV = AUD+HIV (x2; = 0.0457)

With AIDS status, % - - - 53 - 60 - HIV = AUD+HIV (%2, = 0.9968)
Cognitive Variables

Verbal language -0.10 = 0.86 -0.70 + 0.96 2.0424 X 107° —-0.92 + 1.14 3.7039 x 10°® -0.71 = 0.99 25637 X 107* CTRL > AUD = HIV = AUD+HIV

Executive function —0.04 + 090 -0.70 +1.12 3.7239 X 10°® -0.98 + 1.55 4.7593 x 10°® —1.12 + 1.43 9.3434 X 1078 CTRL > AUD = HIV = AUD+HIV

Learning and memory —-0.08 = 0.80 —0.95+0.86 85698 x 10°'" —0.84 + 0.97 2.8087 X 10°® —1.08 =+ 0.88  7.0479 X 10" ' CTRL > AUD = HIV = AUD+HIV

Speed of information processing 0.14 = 0.69 -0.39 =090 5.8493 x 10°® -051 +0.85 85445 x 1077 —0.82 * 1.01 4.6449 X 107'° CTRL > AUD = HIV = AUD+HIV

Motor skills, ms -0.10 £ 0.77 -0.72 +0.90 4.1689 X 1077 —0.93 + 1.36 56897 X 10°® —0.96 + 1.44 1.0281 x 107° CTRL > AUD = HIV = AUD+HIV

Quality of social functioning 0.15+0.75 —2.00 + 1.63 2.2572 x 107°%® —1.94 + 147 1.6003 X 10°3° -2.80 + 1.96 4.8170 x 1073¢ CTRL > AUD = HIV = AUD+HIV

Values are n (%) or mean = SD unless otherwise indicated. Each of the composite scores was the mean of available test measures for each participant (refer to the text for details). Group
differences are measured for each diagnosis group with respect to the CTRL group by Xz test (for sex, ethnicity, HAART medication, and AIDS status) and t test (for other measures), and are

considered NS if p > .05.

AIDS, acquired immunodeficiency syndrome; AUD, alcohol use disorder; CTRL, control; HAART, highly active antiretroviral therapy; HIV, human immunodeficiency virus; NS, not
significant; VAC, Veterans Aging Cohort Study.
2An equals sign (=) indicates that groups were not significantly different; and less than (<) and greater than (>) symbols indicate that groups were significantly different (p < .05).
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Figure 1. The analysis approach used for identifying diagnostic pattern and score specific to alcohol use disorder, human immunodeficiency virus, and
alcohol use disorder and human immunodeficiency virus comorbidity. It includes three major steps: multivariate analysis for identification of diagnostic pattern
and score (step 1), cognitive correlations (step 2), and individual-level predictions (step 3). CTRL, control group.

cross-validation (58). The balanced accuracy (27), specificity,
and sensitivity in predicting the diagnosis of each test subject
were recorded. Furthermore, the significance of the accuracy
(p < .001) was inferred using the Fisher exact test (59). A
detailed description of the three steps appears in the
Supplement.

RESULTS

Multivariate Analysis: Diagnostic Patterns

The diagnostic patterns are listed in Table 2 and visualized in
Figure 2 (omitting white matter hypointensities). The AUD-
specific pattern consisted of measures from 13 unique brain
ROls, the HIV-specific pattern of 15 brain ROIs, and the
AUD+HIV-specific pattern of 25 brain ROls. All patterns
included the surface area of the posterior cingulate and the
volumes of the white matter hypointensities, precentral gyrus,
thalamus, and hippocampus. Seven additional measures from

the AUD+HIV pattern overlapped with either the AUD or the
HIV pattern and included the mean curvature of the banks of
the superior temporal sulcus and the average thickness of the
superior frontal and superior parietal gyri.

Cognitive Correlations

Table 3 summarizes the correlations among the diagnostic
patterns and the six cognitive measures. All three diagnostic
patterns significantly predicted lower LM scores. Furthermore,
executive function was significantly correlated with the AUD
pattern, whereas speed of information processing was signif-
icantly correlated with the HIV and AUD+HIV patterns. As
shown in Figure 3, these performance scores had lower values
with higher diagnostic scores, i.e., greater certainty of an in-
dividual to be diagnosed with the condition. Testing the
diagnostic pattern of AUD with lifetime alcohol consumption
and that of HIV with Veterans Aging Cohort Study and CD4
measures did not reveal significant correlations.

Table 2. Measures Associated With Each Diagnostic Pattern

Group Volume Surface Area Mean Curvature Average Thickness

AUD Superior frontal® Posterior cingulate® Bankssts® Lateral orbitofrontal
Precentral gyrus® Lingual Pars triangularis
Thalamus® Insula Postcentral
Caudate Insula
Hippocampus®
Accumbens
WM hypointensities®

HIV Parahippocampal Supramarginal® Precuneus Superior frontal®
Posterior cingulate Inferior temporal® Posterior cingulate Superior parietal®
Precentral gyrus® Temporal pole” Insula Inferior temporal
Superior parietal Pericalcarine® Middle temporal
Thalamus® Posterior cingulate® Insula
Hippocampus® Insula
Accumbens
WM hypointensities®

AUD+HIV Superior frontal”® Superior frontal Medial orbitofrontal Superior frontal®

Frontal pole
Pars opercularis
Pars triangularis
Precentral gyrus®

Caudal middle frontal
Paracentral

Medial orbitofrontal
Supramarginal®

Precuneus Bankssts
Thalamus® Entorhinal
Caudate Inferior temporal®
Putamen Temporal pole”

Hippocampus®
WM hypointensities®

Lateral occipital
Pericalcarine®
Posterior cingulate®

Rostral anterior cingulate

Paracentral

Pars orbitalis
Bankssts®
Entorhinal
Parahippocampal
Pericalcarine

Frontal pole
Medial orbitofrontal
Superior parietal®

AUD, alcohol use disorder; Bankssts, banks of the superior temporal sulcus; HIV, human immunodeficiency virus; WM, white matter.

@Measure in the AUD or HIV pattern that was also in the AUD+HIV pattern.
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Figure 2. The diagnostic patterns (see also Table 2) for alcohol use disorder (AUD), human immunodeficiency virus (HIV) infection, and AUD+HIV co-
morbidity. Measures in the HIV (purple) or AUD (green) pattern also appearing in the comorbidity pattern are shown in plaid in AUD+HIV.

Individual-Level Prediction

All three diagnostic scores predicted the diagnosis of in-
dividuals with significantly high accuracies. The balanced
accuracy of the diagnostic score for the AUD versus CTRL
group was 70.1%, for the HIV versus CTRL group was
76.2%, and for the AUD+HIV versus CTRL group was
78.1%. The ranking of the three accuracy scores agreed
with the size of the diagnostic pattern, i.e., the AUD group

Biological Psychiatry: Cognitive Neuroscience and Neuroimaging June 2019; 4:589-599 www.sobp.org/BPCNNI

pattern was the smallest (with 15 regional measurements),
followed by the HIV (22 measurements) and AUD+HIV (35
measurements) groups (Table 2). As each pattern inferred its
own diagnostic score, each subject of the control group had
a diagnostic score specific to each diagnosis. As expected,
diagnostic scores of the CTRL group subjects were gener-
ally lower than those of disease-affected participants
(Figure 4).
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Table 3. Correlation Between the Pattern Identified for Each Diagnosis Group and the Six Cognitive Scores

Verbal Executive Learning and Speed of Information Quiality of Social
Group Language Function Memory Processing Motor Skills Functioning
AUD P P
HIV 17 17
AUD+HIV I I

Check mark (¢#) indicates significant correlation (o < .05). Cognitive scores were measured through tests outlined in the Supplement.
AUD, alcohol use disorder; HIV, human immunodeficiency virus.

DISCUSSION because testing for significance did not require multiple com-

The outcome of this machine learning analysis supported the parison correction, as is the case for conventional univariate
hypothesis that MRIs alone can predict diagnosis and cogni- ana_IyS|s. Conventlonal_studles minimize the number of com-
tive scores of AUD, HIV, or AUD+HIV. Our approach reduced parisons by preselecting .measurements [e.g.,. gray matter
the 298 brain measures to those most informing diagnosis, i.e., volume (11) or average th'Ck,neSS (60)] .or creating S“mma.ry
the diagnostic pattern, and then applied the pattern to the scores (17) deemed informative according to expert domain
MRIs of individuals to compute each person’s diagnostic knowledge. Scores then rely on univariate testing that entails a
score. Doing so preserved the statistical power of the data group-level analysis to correlate each score with each

A B Figure 3. Cognitive measures significantly corre-
lating with the diagnostic scores. The cognitive
) 2 o %o scores decrease as diagnostic scores increase. (A
o ¢ :
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Figure 4. Diagnostic scores for each sample with

HIV

diagnosis. A powerful alternative to this conventional analysis
is the proposed machine learning technology, which, as noted
in the Supplement, was also more accurate in predicting
diagnosis than other multivariate approaches. Not only did the
novel machine learning approach predict AUD or HIV diagnosis
of individuals based solely on their MRIs, but the predictive
power of the identified patterns was measured on unseen data
(i.e., data not used for optimizing the approach) so that the
patterns could serve as imaging phenotypes in other MRI
studies of AUD or HIV.

We recognize that this article presents a secondary analysis
of data previously published in Pfefferbaum et al. (17). Unlike
the original study, we omitted hepatitis C coinfection from the
analysis, but our analysis was still confined by the much
smaller number of HIV-infected patients (HIV and AUD+HIV)
than the CTRL cohort and the AUD group. For our analysis to
be impartial to this issue, the machine learning method auto-
matically selected an equal number of samples from each
group and trained its model on this balanced dataset.
Furthermore, we measured the prediction power using the
balanced accuracy metric, which accounted for unequal
sample sizes. The scores indicated that our approach pro-
duced accurate findings even in case of imbalanced data.

Human MRI studies of HIV or AUD have used machine
learning analysis to predict the age of participants (61,62) or to
select MRI metrics related to a diagnosis (63-67). A hallmark of
the proposed analysis was the diagnostic score of individuals
(see Figure 4), which was a continuous score directly linking
variation in MRI metrics to diagnosis. This link enabled a
refined interpretation of significant correlations between diag-
nostic patterns and functional ramifications of the condition.
For example, all three diagnostic patterns predicted the LM
score (see Table 3) and consisted of regions closely linked to
this brain function, namely, the hippocampus (68-70), thal-
amus (71,72), and posterior cingulate cortex (73,74). The hip-
pocampus and thalamus have been identified as targets of
AUD (75) and HIV (13,76,77), and AUD+HIV comorbidity has

& respect to the three diagnosis-specific group com-
%: %0 parisons (control [CTRL] group vs. alcohol use dis-
0868 order [AUD] group, CTRL group vs. human
° 5 immunodeficiency virus [HIV] group, CTRL group vs.
o&° AUD+HIV group).
8 o
s @
&
o
O,
® o
o
oo
®
o
o
o
|
CTRL AUD+HIV

been shown to principally affect the thalamus (4,78). Cingulate
volume is more frequently reported as compromised in the HIV
literature relative to the AUD literature [e.g., (78-82)]. While the
imaging literature has typically reported on gray matter volume
effects, studies that assess cortical thickness rather than
cortical volume can show different results. For example, HIV
has been shown to compromise cortical thickness of areas
such as the insula and temporal cortices (83-85).

Also reported for all three conditions was the link between
lower LM scores and higher diagnostic scores (Figure 3). Ac-
cording to our machine learning model, a higher diagnostic
score reflected a greater impact of the disorder on the regional
measures defining the diagnostic pattern. Thus, the diagnostic
scores and patterns accurately summarized the magnitude of
the impact that each disorder had on an affected metric.

An interesting observation was the inclusion of the hippo-
campus in the patterns of all groups. As it is reported in the
literature (13,86), this region supports learning and memory.
Based on the statistics reported in Table 1, this cognitive
measure was also significantly impaired across all three
groups compared with the CTRL cohort.

Critically, our findings support a compounding effect of
AUD and HIV on the neural systems of individuals diagnosed
with both conditions. Among the three conditions, the diag-
nostic pattern of the comorbidity was the largest consisting of
35 regional measures. Several of these measures featured as
part of the AUD and HIV pattern and were selected by the
AUD+HIV pattern, with the exception of the mean curvature
and average thickness of the insula (see Table 2); however,
neither the mean curvature nor the average thickness measure
was selected by all three patterns. Rather, the patterns of the
three diagnoses converged on volumes of four regions (pre-
central gyrus, hippocampus, thalamus, white matter hypo-
intensities) and one surface area (posterior cingulate cortex).
Consistent with the size of the diagnostic patterns was the
prediction accuracy of the diagnostic scores, which was most
accurate for AUD+HIV comorbidity (78.1% balanced
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accuracy). While the accuracy scores might be further
improved based on the discussion in the Supplement, all these
findings indicate that the combined impact of AUD and HIV on
the brain system was more extensive than either condition
alone.

In addition to overlap among the three diagnostic patterns,
the comorbidity pattern contained elements specific to each
single diagnosis. The HIV and AUD+HIV patterns were highly
accurate in predicting speed of information processing per-
formance, which is known to decline faster in patients with HIV
(87,88) and AUD (89) than in the healthy individuals. Speed of
information processing has been also linked to regions that
were part of both patterns, notably, the superior frontal cortex
(90,91), precentral gyrus (92), superior parietal lobe (93,94),
inferior temporal lobe (90,95,96), pericalcarine gyrus (90),
supramarginal gyrus (97,98), and temporal pole (99). Featured
in both patterns was the thalamus, whose volume has been
reported to be significantly smaller in the HIV population, with
(4,80) or without (4,11,13) AUD comorbidity. Appearing in both
the AUD and the comorbidity pattern was the volume of the
superior frontal cortex (17,100), which has been observed to be
smaller in AUD than in control subjects (18,101). The significant
correlation between executive function and the diagnostic
pattern was reported with respect to the AUD group, but not
for the comorbidity cohort. This inconsistency might be
explained by executive functioning’s being negatively affected
by alcohol consumption, which was more recent and prevalent
in the AUD cohort. Their number of days after last drink was
significantly shorter (p = .0012; two-sided t test), and their
amount of alcohol consumed in past year was significantly
greater (p < .001; two-sided t test) than were those in the
AUD+HIV cohort. Interestingly, these findings further sup-
ported the compounding effect of AUD and HIV, as their
combined effects lead to a higher prediction accuracy than the
AUD-specific pattern extracted on a cohort with higher alcohol
consumption.

Note that we only reported on the compounding effect, as
the machine learning analysis could not quantitatively assess
the additive or interactive characteristic of an effect.
Furthermore, the subject-level inference from this type of
analysis often does not accord with the results of group-level
analysis (102). For instance, quality of social functioning was
the cognitive score most strongly differentiating between
control subjects and the three cohorts. However, the score
neither significantly correlated with any of the diagnostic
patterns nor distinguished individuals. In this dataset, a better
predictor for identifying significant correlations was the vari-
ance of a score within a diagnostic group. For each diag-
nostic group, the corresponding diagnostic patterns
significantly correlated with the cognitive scores’ having the
smallest variation, which was speed of information processing
for the HIV cohort and LM for the other two diagnoses. This
observation is in line with the analysis performed in step 2 of
Figure 1, as the corresponding correlation was sensitive to-
ward the within-class covariance.

Another limitation of this study was the assumption that
samples were healthy or diagnosed with HIV, AUD, or their
comorbidity. One could thus increase the significance of the
data-driven predictions by measuring the prediction accu-
racies of the diagnostic scores on the MRIs of participants with

Machine Learning for HIV, Alcoholism, and Their Comorbidity

other diagnoses. However, the prediction accuracy was
determined on unseen data so that the findings of this study
could apply to other MRI studies adhering to this assumption.
Specifically, we measured the accuracy of our machine
learning method using 10-fold cross-validation (step 3 in
Figure 1). To avoid reporting overly optimistic findings, cross-
validation parameterized the Z scores (with respect to the
control subjects) and the proceeding method (including sam-
ple selection) on a subset of the data (training), and then the
accuracy of the method was measured on the remaining data,
which avoided reporting overly optimistic findings. One draw-
back of this process is that our method identified a unique
diagnostic pattern for each training run. Discussing the com-
mon denominator of the 10 different patterns is complex and
requires statistics over the entire dataset. To simplify, we
focused the discussion for each diagnosis on an example of a
diagnostic pattern, which was created by applying the machine
learning approach on the entire diagnostic dataset (step 1 in
Figure 1).

Finally, we caution against drawing conclusions about
measurements omitted from diagnostic patterns presented
here, as these measurements can also be informative with
respect to a diagnosis. However, they were not picked by the
machine learning approach, which identified a constellation of
measurements that achieved a higher accuracy in labeling the
individuals of the training data. Changing the training data (as
done in cross-validation) can lead to selecting a different
pattern. Thus, the diagnostic patterns presented in this article
should be viewed as an example of a family of patterns that
lead to similar prediction accuracy.

Conclusions

We report on the diagnostic patterns and scores based on
MRI data that predicted diagnostic classification of individuals
with AUD, HIV, or their comorbidity relative to control pat-
terns. Novel machine learning technology automatically
reduced 298 MRI brain measures to small subsets implicated
by each diagnostic group, eliminating the need for expert-
driven input. The impact of a disorder on the diagnostic
pattern was summarized by a diagnostic score, which
revealed an exacerbated effect of AUD+HIV comorbidity. The
diagnostic patterns and scores also predicted cognitive per-
formance of individuals and their accuracy was measured on
unseen data. Thus, they could serve as imaging phenotypes
for studies investigating AUD, HIV, and their comorbidity. The
entire analysis was data driven so that the novel machine
learning approach is readily applicable to MRI studies of other
neuropsychiatric conditions and also enables repurposing of
multimetric data.
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