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Abstract. Interpretability is essential to MRI brain studies relying on
deep learning models for neuroscientific discovery. One way to facilitate
the interpretability of a deep learning model is to ensure the samples are
arranged in the model’s latent space with respect to clinically meaning-
ful variables. To achieve this in the context of cross-sectional brain MRI
studies, we regularize the latent space of a multi-label classifier via pair-
wise disentanglement, so that the difference between the representation
of two brain MRIs along the disentangled direction in the latent space is
similar to the difference in their neuropsychological test scores. We apply
our technique to classify brain MRIs of 156 controls, 165 cases diagnosed
with mild cognitive impairment (MCI), 166 diagnosed with human im-
munodeficiency virus (HIV)-associated cognitive disorder (HAND), and
32 individuals diagnosed with HIV without HAND. The latent space is
disentangled with respect to the neuropsychological z-score (NPZ), which
is negatively correlated with the severity of cognitive impairment (i.e.,
low scores for those diagnosed with MCI or HAND). Based on cross-
validation, the proposed model achieves statistically significantly higher
balanced accuracy than the same model without disentanglement. Fur-
thermore, the difference between representations along the disentangled
direction significantly correlates with the difference in NPZ. Finally, the
brain regions guiding the classification process aligned with the neuro-
scientific literature.

Keywords: disentanglement, pairwise learning, multi-label MRI classification,
cognitive impairment, HIV

1 Introduction

Recent deep learning research has shown that steering representation learning
paradigms toward the discovery of interpretable features can enhance model
prediction accuracy, while improving generalization, robustness, and providing
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valuable insights into the task [1,341]. An example is disentanglement-based rep-
resentation learning, which enforces the learning of a latent space holding in-
terpretable properties relative to hidden factors present in a dataset [35]. With
respect to brain MRI datasets, disentanglement has been commonly used to ex-
tract time-varying factors such as brain age in longitudinal contexts [15,22,32,37],
modality-dependent information in multi-modal settings [27,11], and the under-
lying MRI morphological features (shape and appearance) [7].

These previous approaches, involving time-varying or morphological hidden
factors, typically isolate underlying features for each subject [35]. However, to
advance neuroscientific understanding and develop interpretable latent represen-
tations in cross-sectional studies, it is essential to establish a manifold over which
the subjects are ordered relative to each other, so that the individual samples
can be positioned consistently along a shared spectrum [13]. To achieve this, we
propose a method based on pairwise sampling during training. By utilizing a
clinically meaningful continuous variable (such as cognitive test scores) as the
hidden factor, we can create a disentangled representation space. This space is
then used for multi-class cross-sectional classification, providing a more unified
and interpretable framework for analyzing the data. The training of the classifier
is done jointly with disentangling the hidden factor so that the disentanglement
task can be interpreted as a model regularizer [9].

In this paper, we test our model on an MRI dataset consisting of 519 cross-
sectional brain MRIs from 156 healthy controls, 165 individuals suffering from
mild cognitive impairment (MCI), 32 people living with human immunodefi-
ciency virus without cognitive impairment (HIV), and 166 individuals diag-
nosed with HIV-Associated Neurocognitive Disorder (HAND). The data also
includes the NPZ-global score [20], a common score for assessing neuropsycho-
logical functioning in HIV-positive individuals, which we use in our experiments
as the hidden factor. On this dataset, cross-validation reveals that performing
the disentanglement when identifying these four cohorts results in interpretable
features that improve classification accuracy.

2 Methodology

To improve multi-label classification of 3D MRIs, we propose a pairwise repre-
sentation learning framework disentangling the latent-space with respect to a
continuous factor related to the classification task. Specifically, let each sample
in a dataset be represented by a structural 3D-MRI x and a continuous variable
o, such as a cognitive test score. The 3D-MRI z is the input to an encoder, whose
latent space will be disentangled with respect to o (the hidden factor). The latent
representation produced by the encoder is then the input to the linear classifier
predicting diagnosis. We train the model so that it jointly optimizes the binary
cross-entropy (BCE) loss related to the classification task and a pairwise repre-
sentation loss specific to the disentanglement. In other words, the representation
loss acts as a regularizer to the classification task during training.
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Fig.1: Our proposed pairwise disentanglement setup. The image embeddings
on the latent space F(z;), F(z;) are projected onto the linear latent-direction
T, giving the points p,(F(z;)), p-(F(x;)). The disentanglement loss function
encourages the distance between the projected points A7(i,7) to be similar to
that of the hidden factor Ao (%, j).

The goal of the disentanglement is to learn a linear direction 7 in the latent
space that is associated with the values of the hidden factor ¢ in the input space
(see Figure 1). Specifically, let D be the space of all possible pairing of samples
of the training set and (¢, j) € D be a random sample from that space. (o5, 0;)
is the corresponding pair of hidden factor values, (x;, x;) the pairs of MRIs,
and (F(z;), F(x;)) the corresponding embeddings in the latent space produced
by the encoder. Let Ac(i,j) := 0; — 0; be the difference between their hidden
values and A7 (3, 7) be the difference between (F(x;), F(x;)) projected onto 7.
Let p,(-) be the projection operator onto 7 and 7 be a linear direction, then
At(i,7) = pr(F(z;)) — pr(F(z;)). To encourage a linear relationship between
Ao and Ar, we define the loss function for the disentanglement task to be

L= Y (1A 0)llz = [Aa(i, 5)))

(i,j)€D
= Y (lor(F@:) = pr(Fzy))ll2 = loi = o1),
(i,5)€D
where || - ||2 is the L-2 norm operator. Note, this cost function could easily be

extended to 7 being an arbitrary manifold. However, constraining 7 to be linear
provides an intuitive interpretation of a direction in the latent space and reduce
the computational burden.

In our model 7 is a learnable parameter defined separately from the encoder
and classifier, so the optimal 7 direction to associate with o can determined in a
self-supervised manner during training. In that way the loss function L, relates
to the self-supervised disentanglement approaches [22,39]. However, these self-
supervised models are confined to tracking changes over time by confining pairs



Measure I CTRL | HIV | MCI | HAND | Comparison

Number of samples 156 32 165 166 -
Sex (F/M) 10/146 0/32 84/81 11/155 p << 0.01
Age (years) 70.2 £ 5.87 64.7 £+ 3.42 67.7 + 7.80 64.3 +£4.92 |HAND=HIV<MCI<CTRL
Ethnicity (A/AA/c/0)| 13/1/139/2* 0/0/32/0 12/0/38/0%* 4/16/117/12* p=0.7
NPZ (n) 0.22 £ 0.55 (113)]0.10 £ 0.42 (21)|-0.80 £ 0.94 (85)|-0.26 £ 0.25 (29) MCI<HAND<HIV=CTRL
Education (yrs) 16.3 + 3.25 16.9 + 2.31 16.0 + 2.24 17.6 + 2.08 |MCI=CTRL=HIV<HAND
Handedness (R/L/A) 103/12/2* 26/6/0 120/20/4* 136/13/0* p=0.8

Table 1: Demographic of UCSF dataset. *’ indicates missing values and n
indicates the number of cohort samples with known NPZ score. A/AA/C/O
in Ethnicity represents Asian/African American/Caucasian/Other, and R/L/A
in Handedness represents right-handed/left-handed /ambidextrous. Multiple one
sided t-tests and ANOVA were performed to determine significance differences
in per-class demographics.

to be composed of two assessments from the same subject. Thus, these methods
are only suitable for longitudinal studies. Unlike them, our cross-sectional model
can track changes in the latent space with respect to any continuous value. Fi-
nally, let L. be the cost function of the classifier defined by binary cross entropy,
then the total loss function is defined as £ = L. + A\L,..

3 Experimental Setup

Dataset We apply our method to a dataset collected by the Memory and Ag-
ing Center of the University of California, San Francisco (UCSF, PI: Anony-
mous). As detailed in Table 1, the UCSF dataset consisted of T1-weighted MRIs
(138 x 176 x 138 voxels) from 156 controls, 165 MCIs, 32 HIVs with regular cog-
nition, and 166 HAND patients. Most subjects also underwent a sixty-minute
neuropsychological assessment covering domains needed to identify cognitive im-
pairment, including a finger tapping (FT) test to assess their motor control in-
tegrity of the neuromuscular system, following published criteria [3]. The test
was summarized by the Neuropsychological Z-global Score (NPZ score) [20]. Di-
agnosis of HAND and MCI were determined at consensus conference following
[1,2]. HIV-positive status was defined based on reacting HIV antibody test.

Minimal processing of each MRI consists of bias field correction using the
Computational Morphometry Toolkit (CMTK) [29], skull stripping using ma-
jority voting based on Robust Brain Extraction (ROBEX) [18], FSL BET [21],
and AFNI [12]. The resulting skull stripped MRI is affinely registered to the
SRI24 atlas [30] and resized to 64 x 64 x 64 voxels.

Model Architecture The fixed model architecture builds upon [38]. Specifi-
cally, we use a convolutional neural network (CNN) to perform feature extraction
on 3D MRI brain scans through multiple 3D convolutional (Conv-3D) layers.
The encoder component consists of four 3 x 3 x 3 Conv-3D layers with 16, 32,
64, and 32 output channels respectively, rectified linear (ReLU) activation, 3D



Model | CTRL | MCT | HIV | HAND | Overall
Baseline | 33.63% +6.61% | 57.61% +£5.61% | 17.48% +£5.45% | 50.88% % 6.92% | 39.90% + 1.27%
Reg-Dis | 38.53% + 9.83% | 57.85% + 6.38% | 31.03% =+ 10.15% | 54.70% + 6.97% | 45.51% =+ 3.32%

Table 2: Mean and standard deviation in balanced accuracy for baseline and
Reg-Dis (A = 0.25) with respect to each cohort and overall. The overall balanced
accuracy is significantly higher (p=0.009) for Reg-Dis.

batch normalization [19], and 3D max-pooling layers with 2 x 2 x 2 kernels. The
output of the encoder is a 2048D-vector, whose corresponding latent space was
disentangled with respect to the NPZ score.

The resulting vector representation is then passed through a classifier to yield
a two-dimensional prediction output: one for HIV status and one for cognitive
impairment (CI) status. Thus, HAND patients are correctly labeled with positive
HIV and CI status. The classifier is composed of four fully connected layers,
reducing the vector dimensionality in the sequence 2048 — 256 — 128 — 16 — 2.
The linear connections include dropout operations with probability parameter
0.25 and leaky rectified linear activation (leaky ReLU). At the prediction step,
the 2D output is applied to a Sigmoid activation function to yield an output
€ [0,1]2. The implementation is trained using a single instance of an NVIDIA
GeForce RTX 2080Ti GPU with 12 GB of RAM.

Model Evaluation Using five-fold stratified cross-validation, we assess the
balanced accuracy of the model over the folds. During each training, the random
pairing of subjects and calculation of the disentanglement loss is confined to those
with recorded NPZ scores. As the diseases under investigation are not known
to impact one hemisphere more than the other, we randomly flip MRIs across
the sagittal plane (so that the left hemisphere ends up on the right and vice
versa) and apply affine transformation to generate a total of 1080 augmented
training samples. We then pick the optimal hyperparameter A from the search
space {0.01,0.05,0.1,0.25,0.5,1.0} whose balanced accuracy on the training set
is highest. The corresponding model is then applied to the test set to record
its balanced accuracy. We refer to this outcome as regularized-disentanglement
(Reg-Dis). To better understand the impact of the regularized disentanglement,
we create a baseline by repeating the analysis fixing A = 0, which instantiates a
model without disentanglement.

Saliency We compute the average saliency map for all MRIs in the test set
by Reg-Dis via back-propagation. The classifier produces the two 'raw’ saliency
maps scy and syry for all test subjects. To highlight areas of the MRI most im-
portant for classification, the function maz(scr—smrv,0) for MCI and maz(sgry—
scr,0) for HIV is applied. For HAND, the two saliency maps are averaged to-
gether, i.e., (sprer + sarv) / 2. Each of the three saliency maps are averaged
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Fig.2: (a) the balanced accuracy of Reg-Dis with respect to A reveals that the
approach is relatively stable for A > 0.25. (b) the difference in NPZ score be-
tween random pairs of samples reveals a statistically significant correlation (p
< 0.01) between the actual and predicted difference. The predicted difference is
the distance of the two samples projected on 7 in the latent space.

across the left and right hemispheres. Furthermore, they are normalized by the
95th quantile of their saliency values and thresholded to exclude voxels with
z-score < 2. Finally, each outcome is superimposed onto an atlas in order to
identify the brain regions most important in the decision process.

4 Quantitative Evaluation

The overall balanced accuracy of Reg-Dis is 46.13 %, which is significantly higher
(p = 0.009; Wilcoxon Rank Sum test) than the baseline (39.9%). However, the
choice of A impacts the accuracy of the model according to Fig. with A <
0.25 not emphasizing the disentanglement enough but then becoming stable (for
A > 0.25) and with slight over-regularization for A > 0.5. Interestingly, the least
difference between the per-class accuracy scores (computed as recall rate) across
the cohorts is achieved with A = 0.25 (Table 2). The balanced accuracy of the
Reg-Dis model (45.5%) is 5.6% higher than the baseline model (39.9%), which is
significant according to the Wilcoxon Rank Sum test (p = 0.009). The greatest
improvement for per-class accuracy is observed for the HIV-only cohort, which
is lower than random-guessing (i.e, 25%) for the baseline model and improves to
31% for Reg-Dis.

More importantly, only the predictions by the Reg-Dis model are not con-
founded with respect to demographic factors which are significantly different
between the cohorts (Table 1), those being age, education, and sex. For each
prediction model and status (i.e., CI or HIV), we test the predictions (before be-
ing applied the sigmoid function) generated on the test folds for all CTRLs via
generalized linear model (GLM) (see also [28]). The predictors of each GLM are
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Fig. 3: Saliency maps for MCI, HIV, and HAND. Red are brain regions are of high
importance for the classification while blue indicates low importance. For MCI,
regions of importance are the superior temporal gyrus, caudate nucleus, middle
occipital gyrus, olfactory and lingual cortex. For HIV, it is the superior and
middle frontal gyrus, pars triangularis, cerebellar white matter, precuneus, and
posterior cingulate cortex. Finally for HAND, the medial and superior temporal
pole, cerebellar white matter, superior and inferior orbitofrontal cortex, and
parahippocampal gyrus are important for prediction.

the possible confounders (i.e., age, education and sex). This analysis identifies
significant association between CI and sex for the baseline but none for Reg-Dis.

To demonstrate that the relationship between the NPZ score and the values
on 7 are linear, we randomly pair subjects within their respective test folds,
embed them onto the latent-space according to the trained model, and apply
the disentanglement operation described in Section 2. Next, we compute the
Pearson correlation between the difference with respect to ¢ and the difference
in 7. This correlation (r = 0.27) was significant (p < 0.01) which Figure
confirms.

5 Regions Driving Predictions

Figure 3 shows the saliency maps for MCI, HIV (with normal cognition), and
HAND. The most important regions for identifying MCI were the superior tem-
poral gyrus, caudate nucleus, middle occipital gyrus, olfactory and lingual cor-
tex. Regions important for identifying HIV (with normal cognition) were the
frontal gyrus (pars triangularis, middle, and superior), precuneus, posterior cin-
gulate cortex, and the cerebellar white matter. The saliency in the cerebellar
white matter was even higher for identifying HAND. Unique to HAND were



high salience in the superior and medial temporal pole, parahippocampal gyrus,
and the superior and inferior orbitofrontal cortex.

Many of these brain regions are impacted by those diseases according to the
literature. For example, olfactory dysfunction precedes other symptoms in the
Alzheimer’s continuum, including MCT [24], as it is a early site of amyloid beta
plaque deposition and neuroinflammation due to exposure to environmental toxic
factors [33]. Furthermore, olfactory impairment is particularly severe in amnestic
MCI and can be used to accurately screen for MCI [40]. Average thickness of
the temporal gyrus is also found to be associated with MCI [17]. The superior
temporal gyrus plays a role in speech perception [14], which is impacted by MCI
[23]. Grey matter volume of the caudate nuclei was positively correlated with the
degree of social intelligence [26], and social deficits [10] can be clinically observed
in individuals with MCI.

HIV, on the other hand, is linked to changes in cortical thickness in the frontal
lobes and cingulate gyrus [31,6]. Interestingly, subjective symptoms of neuropa-
thy (pain, aching, or burning, sensation of pins and needles, or numbness in
legs or feet) in HIV-positive individuals are associated with smaller precuneus
volume, whereas objective symptoms (deep tendon ankle reflex, vibration sense,
position sense, and two-point discrimination) are associated with cerebellar vol-
ume [30]. Cerebellar white matter is not only important for classifying HIV but
also for HAND, which is not surprising given that cerebellum plays a critical role
for motion and cognition [7]. With respect to HAND, widespread brain atrophy
is reported, including for the orbitofrontal cortex, frontal and temporal lobes,
and cerebellum [8]. Decreased volume in the parahippocampal gyrus, another re-
gion important for identifying HAND, is associated with neurological soft signs
[16] in HIV positive individuals. The cerebellum, precuneus, parahippocampal
gyrus, and superior temporal pole are all HIV-salient regions identified by Reg-
Dis that were identified in [25] as differentiating regions between HAND and
MCI. Notably, MCI is defined by six regions of possible deficit, represented by
some of the regions Reg-Dis identifies as salient: learning and memory (olfactory
cortex), language, complex attention, executive function (both preceding STG),
social cognition (caudate, rSTG), and visuospatial function (occipital gyrus) [7]
but does not typically include motor deficits as supported by the exclusion of
the cerebellum in the saliency map.

6 Conclusion

We proposed a pairwise disentanglement method of regularization in the con-
text of classifying 3D MRIs by diagnosis. We demonstrated how our technique
can be applied to cross-sectional brain MRIs by regularizing the latent space of
the model with respect to a cognitive score relevant to the analysis. Doing so
improves the balanced accuracy of the classifier. Furthermore, disentanglement
resulted in a more interpretable latent space as the disentangled direction had
a linear relationship with the hidden factor. Moreover, the saliency maps high-
lighted brain regions impacted by MCI, HIV (without cognitive impairment),



and HAND that are aligned with the neuroscientific literature, demonstrating
that creating more interpretable deep learning methods can translate also into
neuroscientific insights.
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