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ABSTRACT 
 

Over 50% of HIV+ individuals exhibit neurocognitive 
impairment and subcortical atrophy, but the pattern of brain 
abnormalities associated with HIV is still poorly understood. 
Using parametric surface-based shape analyses, we mapped 
the 3D profile of subcortical morphometry in 63 HIV+ 
participants and 31 uninfected controls. 

The thalamus, corpus striatum, hippocampus, 
amygdala, brainstem, callosum and ventricles were 
segmented from brain MRIs. To investigate subcortical 
shape, we analyzed the Jacobian determinant (JD) and radial 
distances (RD) for structure surfaces.  We also investigated 
effects of nadir CD4+ T-cell counts, viral load, and illness 
duration on subcortical morphology. 

Our results characterize subcortical morphometry 
in older HIV+ people, where participants showed significant 
volumetric enlargements in the thalamus, left pallidum and 
the ventricles while showing a reduction in the callosum. 
Further, RD maps revealed atrophy of the left thalamus and 
expansion of the brainstem in HIV. RD and JD maps of the 
right pallidum identified tissue expansion associated with 
illness duration while the left pallidum showed anterior 
atrophy and posterior expansion associated with viral load.  
 

Index Terms— HIV, subcortical, shape analysis, MRI, 
random forest, classification, regularization 
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1. INTRODUCTION 
 
Combined antiretroviral therapy (cART) has vastly 
improved the quality of life for many people infected with 
HIV, allowing many to live to an advanced age. Yet even 
among those receiving long-term cART, around 50% 
develop HIV-associated neurocognitive disorders (HAND) 
[1, 2]. HAND is characterized by several and psychomotor 
and cognitive impairments in working memory, processing 
speed, executive function and attention [3-5].  
 The cognitive profile of HAND is thought to result 
from neuronal atrophy in the CNS due to neurotoxic effects 
of HIV. Several brain regions may show atrophy, including 
the frontal cortices, periventricular white matter, basal 
ganglia and other subcortical regions [6]. The extent of 
psychomotor dysfunction in HIV has been associated with 
basal ganglia atrophy [7]. Different patterns of basal ganglia 
atrophy have been reported to accompany HAND including 
both volumetric increases (hypertrophy) [8] and reductions 
hypotrophy [9]. As suggested by Hua et al. [10], these 
divergent reports may be due in part to the stage of HIV 
infection assessed.   
 Subcortical brain regions have been implicated in 
HAND, but the exact profile of HIV-associated brain 
abnormalities is poorly understood. More sensitive 
biomarkers for detection of HAND may help clinicians 
identify which HIV+ subjects are prone to developing 
neurocognitive disorders, and to receive early intervention. 
An important step in the characterization of the HIV 
neurophenotype is to describe local differences in 
morphometry that accompany the illness. Beyond global 
volumetric measures of abnormalities, surface-based shape 
descriptors can better localize tissue atrophy or expansion.  
 Here we report on both the subcortical volumetric 
and 3D surface-based shape abnormalities in a cohort of 63 
elderly HIV+ subjects scanned with structural magnetic 
resonance imaging (MRI) as part of the UCSF HIV Over 60 



Cohort study. To study subcortical shape, we analyzed: (1) 
the Jacobian determinant (JD) indexed over structures’ 
surface coordinates and (2) radial distances (RD) of 
structure surfaces from a medial curve. JD maps of a 
subcortical surface indicate localized atrophy where the 
determinant is less than 1, and expansion in regions where 
the JD is greater than 1 [11]. Complementary to JD,  the RD 
indicates the local “thickness” of the structure.  
 We additionally tested associations of 
morphological descriptors with several common HIV 
clinical indices: nadir CD4+ (nCD4) T-cell count, illness 
duration, and HIV RNA concentration. We hypothesized 
that subcortical shape analysis would reveal regions of 
significant atrophy in HIV+ people relative to matched 
controls and in relation to clinical markers of HIV-related 
disease.   
 The diagnostic classification performance of each 
of the three descriptors was then assessed, via a two-fold 
cross validation using a guided regularized random forest 
(RF) classifier [12]. Developed by Breiman [13], the RF 
machine learning algorithm is a computationally efficient 
classification method used in a wide array of fields 
including microarray analysis [14] and computer vision 
[15].  
 

2. MATERIAL AND METHODS 
 

2.1. Subjects 
 
A sample of 63 elderly HIV+ subjects (4 female; age=65.35 
± 2.21) and 31 uninfected elderly controls (2 female; 
age=64.68 ± 4.57) were recruited as part of a San Francisco 
Bay Area study of elderly people with HIV. HIV+ 
participants had an average nCD4 count of 204.96  ± 154.85 
cells/mm3, an average illness duration of 20.39 years ± 6.31 
years. 24 HIV+ participants had detectable concentrations of 
viral RNA above 50 copies/mm3. Among those with 
detectable HIV RNA, the average viral load was 16,400 ± 
76,400 copies/mm3. All subjects gave informed consent to 
take part in the study.  
 
2.2. Image acquisition and segmentation  
 
Each subject underwent a whole-brain magnetic resonance 
imaging (MRI) anatomical brain scan on a Siemens 3 Tesla 
TIM Trio scanner with a 12-channel head coil. T1-weighted 
MP-RAGE sequences (240 x 256 matrix; FOV = 256mm; 
160 slices; voxel size = 1.0 x 1.0 x 1.0 mm3; TI = 900 ms; 
TR = 2300 ms; TE = 2.98 ms; flip angle = 9° were acquired.  

FreeSurfer [16] was used to segment the thalamus, 
caudate, putamen, pallidum, hippocampus, amygdala, 
accumbens, brain stem, callosum and lateral and third 
ventricular spaces from the raw MRIs. All segmentations 
underwent visually inspection for quality control. Faulty 
segmentations were not included in the study. 

 

2.3. Morphological descriptors  
 
The volume of each VOI was computed using FreeSurfer. 
Each binary image resulting from the segmentation was 
converted into a parametric 3D mesh model. Each mesh was 
obtained using the marching cubes algorithm [17]. A two-
step smoothing procedure was applied to each mesh 
consisting of mesh simplification using progressive meshes 
[18] along with mesh refinement using Loop subdivision 
surface [19]. 

The Jacobian matrix at each vertex is given by 
taking 𝜙:  𝑆!   →   𝑆! as the conformal mapping of the surface 
to a rectangular holomorphic 1-form [11]. The discretized 
derivative map of 𝜙 is approximated by the linear mapping 
between two triangular faces, 𝑣!, 𝑣!, 𝑣! →    𝑤!,𝑤!,𝑤! , in 
ℝ!. The Jacobian matrix, 𝑑𝜙, is then, 
 
𝑑𝜙 = 𝑤! − 𝑤!,𝑤! − 𝑤! [𝑣! − 𝑣!, 𝑣! − 𝑣!]!!,                  Eq. (1) 
 
A determinant value of greater than 1 denotes tissue 
expansion, whereas a value of less than 1 denotes tissue 
atrophy locally on the surface.  

The RD of the surface mesh is calculated by first 
computing a 3D medial core which traverses the volume’s 
local center. The radial distance from each vertex to the 
nearest point of the medial core provides the index of radial 
distance, a proxy for the structure’s local thickness [20, 21].  
 
2.4. Statistical methods 

For simplicity, multiple linear regression was used to model 
influences of HIV status, nCD4 count, viral load and illness 
duration on each surfaces’ morphometry. The general linear 
model assumed the following form, 

𝑂𝑢𝑡𝑐𝑜𝑚𝑒 =   𝛽! +   𝛽! ∙ 𝑀𝑎𝑖𝑛  𝐸𝑓𝑓𝑒𝑐𝑡 +   𝛽!    ∙ 𝐴𝑔𝑒 +   𝛽!    ∙
𝑆𝑒𝑥 +   𝛽!    ∙ 𝐼𝑛𝑡𝑟𝑎𝑐𝑟𝑎𝑛𝑖𝑎𝑙  𝑉𝑜𝑙𝑢𝑚𝑒 +   𝜖.               Eq. (2) 

Here the outcome measure is global volume, the local JD or 
RD - and the Main Effect is one of HIV status, nCD4 count, 
viral load or illness duration. This model was fit at each of 
15,000 vertices comprising each surface when the outcome 
of interest was the JD or RD. HIV status and viral load were 
each modeled dichotomously; HIV status was coded as 
positive or negative and viral load as detectable (above 50 
viral RNA copies/mm3) or undetectable (i.e. binary). nCD4 
and illness duration were modeled continuously.  

We controlled for multiple comparisons using the 
standard false discovery rate (FDR) method with a false-
positive rate of 5% (q = 0.05) [22]. FDR was performed 
separately for volumetric and shape-based tests. For the 
family of volumetric tests, FDR was applied to the set of all 
subcortical structures. For shape analyses we applied an 
FDR correction within the family of all tests performed on a 
single surface; correcting for 15,000 separate tests on each 
surface. As a post hoc analysis we report the tests that 



survived FDR correction over all vertices from each surface.  
 
2.5. Feature selection and classification  

Because each mesh was composed of 15,000 vertices having 
RD and JD as an attribute we performed feature selection to 
reduce the risk of overfitting our training data in the cross 
validation process. Recently, a combined feature selection 
and classification algorithm called guided regularized 
random forests (GRRF) [23] was proposed to handle high-
dimensional feature spaces within a RF framework. GRRF 
uses importance scores from each variable obtained using a 
standard RF to inform the penalty terms in a regularized 
RF’s feature selection process. GRRF selected features are 
submitted to a standard RF to classify the groups. GRRF is 
detailed in [23, 24]; its steps are summarized below.  

2.5.1. Random forests and importance scores 
RFs are supervised classifiers composed of an 

ensemble of classification and regression trees (CART) [13], 
and use the majority vote of its terminal nodes to predict the 
class of a given observation. RF CARTs are constructed 
from a bootstrapped sample of observations with 
approximately 1/3rd left out. At each node of the CART a 
random subset of 𝑀 features is selected and the Gini index 
is calculated for each feature at the given node, v. Gini(v) is 
given by: 

 
𝐺𝑖𝑛𝑖 𝑣 =    𝑝!!  (1 − 𝑝!!)  !

!!! ,               Eq. (3) 

where 𝑝!! is the proportion of observations belonging to 
class C at node v. The objective of the RF algorithm is to 
split each CART node by the feature 𝑋! which maximizes 
the class purity of the resultant child nodes, 𝑣! and 𝑣!. This 
is done by choosing the maximum 𝐺𝑎𝑖𝑛  (𝑋! , 𝑣) given by, 
 
𝐺𝑎𝑖𝑛  (𝑋! , 𝑣)= 
𝐺𝑖𝑛𝑖 𝑋! , 𝑣 −   𝜔!𝐺𝑖𝑛𝑖 𝑋! , 𝑣! − 𝜔!𝐺𝑖𝑛𝑖 𝑋! , 𝑣! ,         Eq. (4)  

 
where 𝜔! and 𝜔! are the proportions of observations in node 
v assigned to child nodes 𝑣! and 𝑣!, respectively. The 
importance I, of feature 𝑋! is given by the summation of the 
decreases in the Gini index at each node where the CART 
was partitioned by 𝑋! [25]. That is, 
 
𝐼!! =   

!
!"!#$  !"##  !"#$%&

   𝐺𝑎𝑖𝑛 𝑋! , 𝑣 ,!∈!!!
               Eq. (5) 

  
where 𝑆!! indicates the set of all nodes split by 𝑋!.  The 
CARTs were used in their full unpruned form. 
 
2.5.2. Guided regularized random forests 
GRRFs are an extension of RFs that use normalized 
importance scores, 𝐼!, from an ordinary RF to parameterize 
the regularization of 𝐺𝑎𝑖𝑛  (𝑋! , 𝑣) in a second RF. This 
allows GRRF to apply a separate penalty to each feature, 

𝐺𝑎𝑖𝑛  !"#(𝑋! , 𝑣) = 
𝜆!𝐺𝑎𝑖𝑛   𝑋! , 𝑣       𝑋! ∉ F      
𝐺𝑎𝑖𝑛   𝑋! , 𝑣         𝑋! ∈ F

,               Eq. (6) 

 
where F is the set of features used to split previous nodes in 
previous trees and 𝜆! is the regularization coefficient for 
feature 𝑋! given by ,  
 
𝜆! = 1 −   𝛾 + 𝛾𝐼!!   ,                     Eq. (7) 
 
where 𝛾 ∈ [0,1], is a constant argument to GRRF to control 
the degree of penalization.  

GRRF feature selection was applied to the RD and 
JD maps of each VOI separately. The selected shape-based 
features from each VOI were combined and used as input 
into a final RF classifier. We report the classification 
accuracies of three separate RF classifiers constructed from 
the (1) volume of each structure, (2) RD, and (3) JD maps of 
each structure. Each GRRF and subsequent RF was 
composed of 3,000 decision trees. We set the base 
penalization coefficient, 𝛾, to 0.5. 2-fold cross validation 
was performed by constructing each RF based on a training 
set of 32 HIV+ and 16 HIV- subjects; the HIV status of the 
remaining subjects was then predicted by the model fitted 
using the training data.  

3. RESULTS 
 
Several associations were revealed between subcortical 
morphometry and HIV status and clinical parameters.  
 
3.1. HIV status 
 
Volumetrically, the callosum (𝛽𝑑𝑥 = -290, t = -2.81, p < 
0.05), left pallidum (𝛽𝑑𝑥 = -180, t = -3.47, p < 0.01), left 
putamen (𝛽𝑑𝑥 = -330, t = -2.40, p < 0.05), left thalamus (𝛽𝑑𝑥 
= -390, t = -2.91, p < 0.05) and right thalamus (𝛽𝑑𝑥 = -440, t 
= -3.00, p < 0.05) were all significantly smaller in HIV+ 
participants. Ventricular spaces were, on average, enlarged 
in HIV+ subjects. The left lateral (𝛽𝑑𝑥 = 5100, t = 2.88, p < 
0.05), right lateral (𝛽𝑑𝑥 = 3900, t = 2.41, p < 0.05) and third 
(𝛽𝑑𝑥 = 420, t = 3.68, p < 0.01) ventricular spaces were all 
significantly larger in HIV+ participants.  
 In the shape domain, RD maps revealed a 
significantly enlarged central region of the brain stem; an 
area corresponding to the location of the cerebral aqueduct 
and fourth ventricle. The RD of the left-hemisphere 
thalamic surface was significantly decreased in its anterior 
aspect (Figure 1a). 
 
3.2. Nadir CD4+ counts  
 
There were no detectable volumetric or shape-based 
associations between nCD4 counts and morphometry.  
  
3.3. Viral load 



 
No significant volumetric differences were found between 
HIV+ participants with and without detectable viral RNA 
levels. Significant shape-based differences were observed in 
the left pallidum. Both RD and JD maps of the left pallidum 
suggest a different pattern of morphometry associated with 
viral load. The anterior aspect of the left putamen exhibits 
atrophy while the posterior portion expands in subjects with 
detectable viral RNA. Figures 1b-c show the RD and JD 
maps respectively.  
 
3.4. HIV duration 
 
The volume of the right pallidum (𝛽𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 = 6.3, t = 2.43, p 
> 0.05) was positively associated with illness duration prior 
to correction for multiple comparisons but failed to survive 
FDR. Corroborating this, both RD and JD maps of the right 
pallidum indicate significant local expansion in its central 
aspect in relation to increased illness duration; RD and JD 
results survived FDR (Figure 1d-e).  
 

 
 
Fig. 1. Thresholded t-value maps of subcortical surfaces 
with significant clinical associations: (a) HIV status, (b-c) 
viral load and (d-e) HIV duration. RD and JD maps are 
thresholded to display t-values only in regions surviving 
FDR.  
 
3.5. Classification performance 
 

 
Fig. 2. ROC curves by morphological feature.  

 
GRRF-RF classification of HIV+ versus HIV- people using 
only volumetric information yielded an area under the 
receiver operating characteristic (ROC) curve (AUC) of 
66.9% (95% CI [48.94, 84.85]). RD features alone provided 
an AUC of 53.79% (95% CI [33.31, 74.28]) while the AUC 
for JD features was 74.71% (95% CI [58.89, 90.54]).  

We used DeLong's test for two correlated ROC 
curves [26] to compare the various AUCs in a statistical 
framework. Prior to FDR, the AUC of the JD maps 
(DeLong’s Z = 2.05, p > 0.05) was larger (better) than the 
RD AUC, but the difference did not survive FDR.   
 

4. DISCUSSION 
 
Compared to other prevalent forms of dementia, relatively 
little is known about brain differences in people with HIV or 
HAND. It is critical to characterize how HIV may affect 
various brain regions as well as develop biomarkers to track 
the extent of its effects in the central nervous system. Using 
standard volumetric and novel surface-based shape 
descriptors we were able to identify several important HIV-
related patterns of brain abnormalities. Associations were 
also found between surface-based morphometry and clinical 
parameters commonly measured in HIV+ patients receiving 
treatment.  
 We correctly predicted that HIV positivity and 
more extreme (poorer) clinical measures would be 
associated with greater subcortical atrophy, but we also 
observed unexpected effects. Surprisingly, the bilateral 
pallida was shown to be enlarged in association with poorer 
clinical scores; the right with longer illness duration and the 
left posteriorly with detectable viral RNA concentrations.  

As this is specifically an elderly cohort of HIV+ 
participants, many of whom survived infection prior to the 
advent of modern cART, it is possible that some of these 
observed differences may be the result of a survivor bias in 
our sample.  

Volumetric and shape descriptors characterize 
different aspects of brain abnormalities in HIV. Volumetric 
measures identified a large set of structures differing in size 
between diagnostic groups, but shape measures alone were 
able to detect the more subtle associations between clinical 
measures and subcortical morphometry. This is the first 
study that combines both shape and volumetric descriptors 
in a classification framework for characterizing HIV related 
brain abnormalities in patients.  
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