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ABSTRACT

Brain age is the estimate of biological age derived from neuroimag-
ing datasets using machine learning algorithms. Increasing brain age
gap characterized by an elevated brain age relative to the chronolog-
ical age can reflect increased vulnerability to neurodegeneration and
cognitive decline. Hence, brain age gap is a promising biomarker
for monitoring brain health. However, black-box machine learning
approaches to brain age gap prediction have limited practical utility.
Recent studies on coVariance neural networks (VNN) have proposed
arelatively transparent deep learning pipeline for neuroimaging data
analyses, which possesses two key features: (i) inherent anatomi-
cally interpretablity of derived biomarkers; and (ii) a methodologi-
cally interpretable perspective based on linkage with eigenvectors of
anatomic covariance matrix. In this paper, we apply the VNN-based
approach to study brain age gap using cortical thickness features for
various prevalent neurodegenerative conditions. Our results reveal
distinct anatomic patterns for brain age gap in Alzheimer’s disease,
frontotemporal dementia, and atypical Parkinsonian disorders. Fur-
thermore, we demonstrate that the distinct anatomic patterns of brain
age gap are linked with the differences in how VNN leverages the
eigenspectrum of the anatomic covariance matrix, thus lending ex-
plainability to the reported results.

1. INTRODUCTION

Aging is a complicated biological process that manifests itself in the
form of various progressive physiological and cognitive changes [1].
Recent years have seen an exponential increase in the study of brain
aging using machine learning algorithms [2]. A common objective
of brain age prediction strategies is to derive an estimate of brain age
from neuroimaging data and compare it with chronological age (time
since birth) via the brain age gap, i.e., the difference between brain
age and chronological age. A large age gap in the brain has been
shown to be indicative of accelerated aging in various neurological
diseases, implying a greater burden of the disease and the risk of
mortality [3]. Subsequently, we use the notation A-Age to refer to
brain age gap.

The methodologies for inferring A-Age in prior works follow
the common template of (i) training a regression model to predict
chronological age for a healthy population; and then (ii) application
to a cohort of interest (often characterized by neurodegenerative con-
dition), under the hypothesis that the trained model can detect ‘ac-
celerated aging’ [4,5]. Existing studies in this domain have focused
exclusively on (i) and there exist numerous machine learning models
that have achieved impressive accuracy in predicting chronological
age across heterogeneous populations of healthy individuals [6-8].
However, it is noteworthy that the residuals of the regression mod-
els that inform the A-Age estimates are of primary interest in this

application, as the expectation is that they will drift in a specific di-
rection when deployed to predict chronological age for individuals
with adverse health conditions. Empirical evidence from several ex-
isting studies hints at decoupling the assessment of A-Age from the
prediction accuracy of chronological age on healthy population, as
better performance in this task may not necessarily lead to a more
informative A-Age prediction [6,9, 10]. In this context, we build
upon the recently proposed explanation-driven pipeline for A-Age
prediction [10] based on VNN models [11] to provide an inherently
transparent and anatomically interpretable perspective to evaluation
of A-Age.

1.1. coVariance Neural Networks

VNN s have recently been studied as graph neural networks (GNNs)
operating on the sample covariance matrix as the graph [10-15].
VNNs belong to the convolutional family of deep learning mod-
els as they rely on linear-shift-and-sum operators [16] on the co-
variance matrix. Specifically, given a sample covariance matrix
C € R™*™, the convolution operation in a VNN is modeled by a
coVariance filter, given by H(C) £ ZkK:O hiC*, where scalar pa-
rameters {hy, }5<_, are referred to as filter taps that are learned from
the data. The application of coVariance filter H(C) on an input x
translates to combining information across different sized neighbor-
hoods. VNNs have been studied separately from GNNs because they
draw a fundamental equivalence with principal component analysis
(PCA) when C is the sample covariance matrix [11, 13, 14]. Ad-
vantages of VNNs over traditional PCA-based approaches include
improved performance, stability [11, 14], and, notably, transferabil-
ity across multiscale datasets [15]. In this context, VNNs are deep
learning models that bridge the gap between traditional PCA-based
statistical approaches and graph neural networks [10-12, 14, 15].

1.2. VNNs for neuroimaging data analysis

VNNSs have been successfully used to extract biomarkers of neu-
rodegeneration in Alzheimer’s disease from brain morphometric
features [10, 15, 17, 18]. VNNs offer two key features in the context
of deriving biomarkers from neuroimaging data: (i) Representations
learned by VNNs provide anatomic signatures of biomarkers [10];
and (ii) learning outcomes of VNNs are generalizable to neuroimag-
ing data curated according to other brain atlases under certain
regularity conditions [15]. In particular, VNN-based data analysis
pipeline has yielded a novel explanation-driven perspective to brain
age gap gap evaluation [10], which is distinct from the prevalent
machine learning works in this domain that leverage black-box
models and focus primarily on the performance of chronological
age prediction in healthy individuals for gauging their quality.
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1.3. Contributions

In this paper, we leverage the brain age gap prediction pipeline
based on VNNs to study A-Age from cortical thickness features
and its explainability for Alzheimer’s disease (AD), frontotemporal
degeneration (FTD), as well as corticobasal syndrome and progres-
sive supranuclear palsy (together referred as the cohort of atypical
Parkinsonian disorders (APD) in this paper); the data for all cohorts
were downloaded from https://ida.loni.usc.edu. Our contributions
are summarized as follows:

- Anatomical characterization of A-age for different neurode-
generative conditions. Our results demonstrated significantly
elevated A-Age for AD, FTD, and APD conditions relative to a
healthy population, along with distinct and biologically plausible
anatomic patterns associated with A-Age for these conditions.

- Explainability of A-Age. Our experiments demonstrated that
a pre-trained VNN model exploited the eigenvectors of the
anatomical covariance matrix differently for the aforementioned
neurodegenerative conditions, thus rendering explainability to
the distinct anatomic patterns associated with A-Age.

Previous work on VNN-based A-Age prediction has focused pri-
marily on Alzheimer’s disease [10, 15, 18]. This paper provides a
more comprehensive evaluation than prior works, as it demonstrates
the applicability of VNNs for the prediction of A-Age for several
neurodegenerative conditions and elucidates the interpretability and
explainability of A-Age across them.

2. COVARIANCE NEURAL NETWORKS

We start by providing a brief overview of the architecture of a VNN
model. A single layer of VNN is formed by concatenating a co-
Variance filter with a pointwise non-linear activation function o (-)
(e.g., RelLU, tanh) that satisfies o(u) = [o(u1),...,0(um)] for
u = [u1,...,um]. Therefore, the output of a single layer VNN
with input x is given by z = o(H(C)x) (Fig. 1). The construction
of a multi-layer VNN is formalized next.

Remark 1 (Multi-layer VNN). For an L-layer VNN, denote the co-
Variance filter in layer £ of the VNN by H(C) and its corresponding
set of filter taps by H,. Given a pointwise nonlinear activation func-
tion o (-), the relationship between the input x¢_1 and the output x;
for the C-th layer is x; = o(Hy(C)x¢—1) for €€ {1,...,L},
where Xg is the input X.

Furthermore, similar to other deep learning models, sufficient
expressive power can be facilitated in the VNN architecture by in-
corporating multiple input multiple output (MIMO) processing at
every layer. Formally, consider a VNN layer ¢ that can process
Fy_1 number of m-dimensional inputs and outputs Fy number of
m-dimensional outputs via Fy_; X F; number of filter banks [19].
In this scenario, the input is specified as Xin = [Xin[1], - . ., Xin[Fin]],
and the output is specified as Xout = [Xout[1], - - -, Xout[Fout]]- The
relationship between the f-th output Xou[f] and the input X, is

given by xoulf] = o (X4, Hyy(C)xinlg] ). where Hyy(C) is
the coVariance filter that processes Xin[g]. Without loss of general-
ity, we assume that Fy = F,V¢ € {1,..., L}. In this case, the set
of all filter taps is given by H = {H},},Vf,g € {1,...,F},( €
{1,..., L}, where H sy = {h,[k]} i, and h%,[K] is the k-th filter
tap for filter Hy,(C). Thus, we can compactly represent a multi-
layer VNN architecture capable of MIMO processing via the nota-
tion ®(x; C, H), where the set of filter taps H captures the full span
of its architecture.

es
-

. Eigenvalue,
s Eigenvector

~~~~~

Fig. 1. One layer of a VNN model. The covariance filter implicitly
manipulates input data according to the eigenvectors of the covari-
ance matrix C, thus tying the output y to specific eigenvectors of C.

Remark 2 (Statistical inference using VNNs). Theorem 1 in [11]
established the equivalence between processing data samples with
principal component analysis (PCA) transform and processing data
samples with a coVariance filter H(C). Hence, it can be concluded
that input data is processed with VNN, at least in part, by exploiting
the eigenvectors of C. Unlike simpler PCA-based inference models,
VNNs s offer stability [11] and transferability guarantees [18], which
ensure reproducibility of the inference outcomes by VNNs with high
confidence.

3. METHODS AND MATERIALS

3.1. Datasets for neurodegenerative conditions

In this paper, we leverage cortical thickness measures derived from
structural MRI and curated according to Desikan-Killiany brain atlas
(68 cortical regions) for various neurodegenerative conditions. All
datasets are publicly available at https://ida.loni.usc.edu/.

ADNI. This dataset comprised of 118 individuals diagnosed with
Alzheimer’s disease dementia (AD; age = 73.84 4= 7.56 years, 56 fe-
males) and 206 healthy individuals (HC; age = 73.87 £ 6.39 years,
110 females). The 68 cortical thickness features across the cortex
for all individuals were downloaded from https://adni.loni.usc.edu/.
The cortical thickness features had been derived from T1w MRI im-
ages using Freesurfer 5.1. This dataset was collected as part of the
Alzheimer’s disease neuroimaging iniative (ADNI) [20].

NIFD. This dataset spans 119 individuals diagnosed with different
forms of FTD (FTD; age = 64.72 £ 6.78 years, 47 females). In the
FTD group, 52 individuals were diagnosed with behavioral variant
FTD (BV; age = 63.07 £ 5.77 years, 16 females); 36 individuals
were diagnosed with semantic variant of primary progressive apha-
sia (SV; age = 63.68 £ 6.17 years, 15 females); and 31 individuals
with non-fluent variant of primary progressive aphasia (PNFA; age =
68.7 + 7.61 years, 16 females). Additionally, this dataset consisted
of 114 healthy individuals (HC; age = 64.5146.5 years, 65 females).
The MRI images were collected as part of the frontotemporal lobar
degeneration neuroimaging initiative (FTLDNI). Cortical thickness
features (curated according to Desikan-Killiany atlas) were derived
using the open-access CAT12 pipeline [21] using their default op-
tions. We refer the reader to https://neuro-jena.github.io/cat12-help/
for detailed processing steps. All outputs were quality checked visu-
ally for errors in grey matter segmentation.

4RTNI. This dataset was collected as part of the 4-Repeat Tauopa-
thy Neuroimaging Initiative (4RTNI) and used similar MRI acquisi-
tion and clinical assessments as the NIFD dataset. This dataset con-
stituted of 59 individuals diagnosed with progressive supranuclear
palsy (PSP; age = 70.79 & 7.65 years, 32 females) and 45 individu-
als diagnosed with corticobasal syndrome (CBS; age = 66.71 +6.75
years, 24 females). CBS and PSP disorders are among the most com-
mon disorders within the broader family of APD [22]. In this paper,
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Fig. 2. A VNN-based pipeline for A-Age prediction.

we denote the combined cohort of CBS and PSP as APD group. Cor-
tical thickness features curated according to the Desikan-Killiany at-
las were derived from T1w MRI using similar pre-processing steps
as that for the NIFD dataset. Furthermore, the HC group from the
NIFD dataset was considered as the healthy control group for 4RTNI
dataset due to the similarity in the MRI acquisition methods of NIFD
and 4RTNI datasets.

3.2. A-Age prediction

VNN architecture and training. The VNN model was pre-trained
on a healthy population to glean information about healthy aging.
To facilitate A-Age that is transparent and methodologically inter-
pretable, we used a multi-layer VNN model that yielded represen-
tations from the input cortical thickness features at the final layer,
such that the unweighted mean of these representations formed the
estimate for chronological age. Details on how this choice of ar-
chitecture leads to anatomically interpretable A-Age are discussed
subsequently. The VNN model consisted of two layers and yielded a
representation from the input cortical thickness data via transforma-
tion that was dictated by the anatomical covariance matrix. For train-
ing this VNN model, we leveraged the cortical thickness features
from the healthy control population in the publicly available OASIS-
3 dataset [23]. The healthy population in the OASIS-3 dataset con-
sisted of 631 individuals (age = 67.71 £ 8.37 years, 367 females).

For training, we randomly split the available cortical thickness
data into a training set of 568 individuals and a test set of 63 indi-
viduals. The anatomical covariance matrix was estimated from the
cortical thickness data of the training set. The training set was fur-
ther split into a subset of 498 individuals and a validation set of 70
individuals. The VNN was trained to predict chronological age on
the subset of 498 individuals with mean squared error loss optimized
using stochastic gradient descent with Adam optimizer for up to 100
epochs. The configuration with the best performance on the valida-
tion set of 70 individuals was selected.

The first layer of VNN consisted of 2 filter taps and the sec-
ond layer consisted of 6 filter taps, with width 61. Thus, in total,
VNN model consisted of 22,570 learnable parameters. The batch
size used for training was 10 and the learning rate was 0.15. The hy-
perparameters for the VNN architecture and training were decided
during a hyperoptimization procedure based on Optuna [24]. Using
this strategy, we trained 10 distinct VNN models with different per-
mutations of the training set. These models achieved a prediction
performance of 7.25 4= 0.51 years on the test set and 6.33 years on
the complete dataset, with a Pearson’s correlation of 0.44 £ 0.014.
Thus, the statistical evidence suggested that VNNs learned infor-
mation about healthy aging, even though they were weak predictors
of chronological age. The results reported in this paper are derived
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Fig. 3. Brain age estimates and associated anatomic characteriza-
tions for (a) AD, (b) APD, and (¢) FTD.

from one pre-trained VNN model among the 10 that were pre-trained
using the above procedure.

Anatomically interpretable and explainable A-Age prediction.
The pre-trained VNN model facilitated the prediction of A-Age and
associated anatomic interpretability and explainability for the co-
horts associated with neurodegenerative conditions in Section 3.1.
Figure 2 provides an overview of VNN-based pipeline for A-Age
prediction.

e Evaluating A-Age. A-Age is evaluated as the difference be-
tween brain age and chronological age. Brain age was evaluated
from the chronological age estimates formed by the VNN with
application of a standard linear regression-based approach [25];
the weights of linear regression model learned from the HC pop-
ulations in the respective datasets in Section 3.1.

e Assigning anatomical interpretability to A-Age. Elevated A-
Age in disease groups could be attributed to the statistical pat-
terns in the representations formed by the pre-trained VNN in
its final layer. Since the convolution operations in VNN pre-
serve the original dimensionality of the input data, the repre-
sentations at the final layer could be mapped to individual brain
regions. Hence, we evaluated a set of regional residuals r; for
each brain region i, which were defined as the difference be-
tween the chronological estimate and the output in the final layer
of the VNN corresponding to that brain region. The elevations in
the regional residuals directly contribute to elevated A-Age [10,
Section 3.3].

* Explainability of A-Age. The representations are learned by the
VNN, in part, by transforming the input data according to the
eigenspectrum of the anatomical covariance matrix [11]. By
leveraging this fact, we characterize the explainability of A-Age
by evaluating the inner products between the regional residuals
derived from representations learned by the VNN and the eigen-
vectors of the anatomical covariance matrix. We anticipate to
observe significant differences in terms of these inner product
metrics for disease groups and healthy populations. These ex-
periments will elucidate how VNN processed the cortical thick-
ness information from disease groups differently relative to the
healthy population, thus lending explainability to the evaluation
of the downstream statistic of A-Age in different cohorts.

4. RESULTS

For each disease dataset, we used the anatomical covariance matrix
estimated only from the respective HC group in the pre-trained VNN
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model. VNN was oblivious to the identity or any information about
the disease. Figure 3 illustrates that elevated A-Age was observed
for AD, ATP, and FTD relative to their respective HC groups. The
A-Age for AD group was 4.67+4.04 years, which was elevated rel-
ative to the HC group in this dataset (A-Age for HC: 04+2.91 years).
Figure 3a also illustrates the anatomic characterization of elevated
A-Age in AD group. The anatomic characterization was derived by
plotting the F'-values for ANOVA between individual elements of
the representations generated by the VNN model for AD and HC
groups on the brain surface (only for group differences that had AD
> HC and survived Bonferroni correction for multiple comparisons
with p-value < 0.05). The directionality AD > HC is relevant to
A-Age as the rise in the individual elements of the representations
learned by VNN for a disease group contributed to the elevated A-
Age estimate relative to healthy population [10]. The anatomic char-
acterization for A-Age in AD spanned bilateral regions in the medial
temporal lobe, entorhinal, and temporo-parietal junction, which are
relevant regions for AD pathology [26]. Consistent results were ob-
served in the prior work on VNN-based A-Age prediction [10].

Similar analysis procedures were followed for 4RTNI, NIFD,

and PPMI datasets, and the associated results for APD and FTD
disease groups are illustrated in Fig. 3b and Fig. 3c, respectively.
The HC group for 4RTNI and NIFD datasets was the same and had
A-Age = 0 £ 2.33 years. The A-Age for FTD disease group was
6.17+4.55 years and that for the APD group was 2.49+3.09 years,
suggesting that FTD group exhibited more significant accelerated
aging. The A-Age in FTD group was characterized by superior
frontal region in the left hemisphere, bilateral entorhinal, parahip-
pocampal, and superior temporal regions, and relatively less promi-
nent contributions from bilateral precentral regions, which are part of
the motor cortex. FTD is characterized by neurodegeneration in the
regions in frontal and temporal lobes [27], and hence, the anatomic
characterization in Fig. 3c captures their impact in the form of el-
evated A-Age. The A-Age in APD group was characterized by
brain regions comprising bilateral superior temporal, precentral, and
occipital lobes. The CBS and PSP pathologies in APD group exhibit
symptoms similar to PD in terms of motor dysfunction, but are also
characterized by cognitive dysfunction and typically rapid decline in
function relative to PD [28]. Hence, the implication of regions in the
motor cortex and occipital lobe in Fig. 3b is relevant to the disease
characteristic in APD.
Explainability of A-Age. Next, we analyzed the inner products be-
tween the regional residuals derived from the representations learned
by VNNSs and the eigenvectors of the anatomical covariance matrix.
The eigenvectors of the anatomical covariance matrix were orga-
nized from O to 67, with the eigenvector 0 associated with the largest
eigenvalue and the 67-th eigenvector associated with the smallest
eigenvalue. The inner product metrics were significantly different
(ANOVA, p-value < 0.0001) between the AD group and HC groups
for the eigenvectors 0, 1, 2, and 6 of the anatomical covariance ma-
trix (Fig. 4a). Thus, the VNN model processed the cortical thickness
features for AD group significantly different relative to the HC group
leading to distinct distributions in A-Age in Fig. 3a, and these dif-
ferences were dictated by variations in how the VNN exploited the
eigenvectors of the anatomical covariance matrix for AD and HC
groups.

Similar results were obtained for the FTD cohort, where the
most significant group differences in the inner product measures
were observed for eigenvectors 0, 1,4, and 5 (Fig. 4b). Thus, the
variations in how the VNN exploited the eigenvectors of the anatom-
ical covariance matrix for FTD and HC groups explained the vari-
ations in A-Age in Fig. 3c. Notably, the inner product measures
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Fig. 4. Explaining A-Age in disease groups ((a) AD and (b) FTD)
in terms of the group differences between inner products of VNN
representations and eigenvectors of anatomical covariance matrices.
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were significantly different between the APD and HC groups only
for eigenvector 8, which explains the relatively smaller elevation in
A-Age in the APD group relative to FTD or AD groups in Fig. 3.

5. DISCUSSION

The results in Fig. 3 illustrate that the distributions of A-Age es-
timates can be substantially overlapping across different diseases.
Hence, A-Age, by itself, is not a sufficient indicator to characterize
a disease. In this context, the anatomic characterization of A-Age
offered by VNN embellishes its informative aspect about neurode-
generation. Notably, the anatomic characterizations of A-Age for
AD, FTD, and ATP disease groups were unique and characteristic of
the respective diseases.

Comparison with existing literature. Existing studies in this do-
main are focused primarily on brain age prediction, which is to be
contrasted with this paper’s focus on A-Age prediction. Moreover,
existing studies utilize the state-of-the-art post-hoc, model-agnostic
methods, such as, SHAP, LIME [29], saliency maps [30], and layer-
wise relevance propagation [31] to explain the brain age predictions.
These methods add anatomical interpretability to brain age estimates
by assigning some importance to the input features (often associated
with specific anatomic regions). Unlike these approaches, we lever-
age the inherent explainability of the VNN model and our results
bring into focus the the properties that a VNN gains when it is ex-
posed to the information provided by chronological age of healthy
controls and whether and how these properties translate to a mean-
ingful A-Age estimate.

Future work. Future work could entail clinical validation of re-
ported A-Age measures by exploring their associations with various
clinical markers of a disease. Moreover, longitudinal analyses could
provide insights into how A-Age progresses with disease burden.
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