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Abstract

In computational neuroscience, there has been an increased interest in developing
machine learning algorithms that leverage brain imaging data to provide estimates
of “brain age” for an individual. Importantly, the discordance between brain
age and chronological age (referred to as “brain age gap”) can capture acceler-
ated aging due to adverse health conditions and therefore, can reflect increased
vulnerability towards neurological disease or cognitive impairments. However,
widespread adoption of brain age for clinical decision support has been hindered
due to lack of transparency and methodological justifications in most existing brain
age prediction algorithms. In this paper, we leverage coVariance neural networks
(VNN) to propose an explanation-driven and anatomically interpretable framework
for brain age prediction using cortical thickness features. Specifically, our brain
age prediction framework extends beyond the coarse metric of brain age gap in
Alzheimer’s disease (AD) and we make two important observations: (i) VNNs can
assign anatomical interpretability to elevated brain age gap in AD by identifying
contributing brain regions, (ii) the interpretability offered by VNN is contingent
on their ability to exploit specific eigenvectors of the anatomical covariance matrix.
Together, these observations facilitate an explainable and anatomically interpretable
perspective to the task of brain age prediction.

1 Introduction

Aging is characterized by progressive changes in the anatomy and function of the brain [1]] that
can be captured by different modalities of neuroimaging [2| [3]. Importantly, individuals can age
at variable rates, a phenomenon described as “biological aging" [4]. Numerous existing studies
based on a large spectrum of machine learning approaches study brain-predicted biological age, also
referred to as brain age, which is derived from neuroimaging data [5H12]]. Accelerated aging, i.e.,
when biological age is elevated as compared to chronological age (time since birth), may predict
age-related vulnerabilities like risk for cognitive decline or neurological conditions like Alzheimer’s
disease (AD) [13}14]. In this domain, the metric of interest is brain age gap, i.e., the difference
between brain age and chronological age. We use the notation A-Age to refer to the brain age gap. |

Inferring A-age from neuroimaging data presents a unique statistical challenge as it is essentially a
qualitative metric with no ground truth and is expected to be elevated in individuals with underlying
neurodegenerative condition as compared to the healthy population[12,[15]. The existing machine
learning approaches for inferring A-Age commonly rely on regression models trained to predict
chronological age for a healthy population. Under the hypothesis that such models can detect
accelerated aging, they are applied to cohorts representing adverse health conditions. From a
statistical perspective, the residuals of the regression models inform the A-Age estimates with the
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expectation that they will degrade in a specific direction when deployed to predict chronological
age for individuals with adverse health conditions. Hence, it is paramount to analyze the structure
and statistics of the residuals of the model to validate whether A-Age inferred using them provide
biologically plausible information about the adverse health condition. A layman overview of the
procedure of inferring A-Age is included in Appendix [D] In this paper, we focus on brain age
prediction using cortical thickness features. Cortical thickness evolves with normal aging [[16] and
is impacted due to neurodegeneration [17,[18]. Further, the age-related and disease severity related
variations also appear in anatomical covariance matrices evaluated from the cortical thickness [[19].

Existing literature. The current state-of-the-art deep learning methods in the brain age prediction
domain focus exclusively on the performance of the model on predicting chronological age for
a healthy population as a metric for assessing the quality of their approach[20-22]. We refer to
such methods as performance-driven approaches to brain age prediction. Major criticisms of such
performance-driven approaches include the coarseness of A-Age that results in lack of specificity of
brain regions contributing to the elevated A-Age; and the lack of clarity regarding the reliance on the
prediction accuracy for chronological age in the design of these brain age prediction models [} 23]].

To address the criticism regarding the lack of interpretability or explainability of A-Age, recent studies
have utilized state-of-the-art post-hoc, model-agnostic methods, such as, SHAP, LIME [24]], saliency
maps [20} 25]], and layer-wise relevance propagation [26] in conjunction with the performance-driven
approaches. These methods commonly add anatomical interpretability to brain age estimates by
assigning importance to the input features (often associated with specific anatomic regions). However,
interpretability offered by such post-hoc approaches may not be conclusive if not shown to be stable
to small perturbations to the input, variations in training algorithms and model multiplicity (i.e., when
multiple models with similar performance may exist but offer distinct explanations) [27H29].

There exists sparse empirical evidence in the existing literature that hints at decoupling the task of
brain age prediction from the performance achieved by the model in predicting chronological age
for healthy population. For instance, a previous study has reported that models with a ‘moderate’
performance for predicting chronological age achieved a more informative brain age [21]]. However,
an appropriate ‘moderate’ fit on the chronological age that leads to the most informative brain
age may not be generalizable to diverse datasets (diverse in terms of sample sizes, for example).
Furthermore, a recent study of several existing brain age prediction frameworks has revealed that the
accuracy achieved on the chronological age prediction task may not correlate with the clinical utility
of associated A-Age estimates [30]. Intuitively, the performance on chronological age prediction
task is an incomplete, if not flawed, metric for assessing the quality of A-Age estimate, as it cannot
readily provide clarity on the correlation between the performance on predicting chronological age
for healthy population and clinical utility of A-Age.

Explainable perspective to brain age prediction. In this paper, we propose a principled framework
for brain age prediction based on the recently studied coVariance neural networks (VNNs) [31].
VNN is a graph neural network (GNN) that operates on the sample covariance matrix as the graph
and achieves learning objectives by manipulating the input data according to the eigenvectors (or
principal components) of the covariance matrix. Thus, VNNs are inherently explainable models, as
their inference outcomes can be linked with their ability to exploit the eigenvectors of the covariance
matrix. In this context, the explainability offered by VNNs can be categorized as model-level
explainability according to the taxonomy of explainability methods discussed in [32]. In general,
model-level explainability can offer a more fundamental and generic understanding of the model
than the aforementioned explainability methods applied in the brain age prediction application (such
methods can broadly be categorized as instance-level methods [32]). A survey of explainability
methods in GNNss is provided in Appendix [B]

For the task of brain age prediction, the key focus of this paper is not on the accuracy in predicting
chronological age, but rather (i) what properties does a VNN gain when it is exposed to the information
provided by chronological age of healthy controls, and (ii) whether and how these properties could
translate to a meaningful brain age estimate. While highly relevant, these aspects are often overlooked
in existing studies on brain age prediction. In this context, VNNs provide novel insights beyond that
possible by focusing only on model performance. Specifically, training VNN to predict chronological
age using cortical thickness features from the healthy population fine-tuned their ability to exploit the
eigenvectors of the anatomical covariance matrix. Further, the statistical analyses of the outputs of
the final layer of the VNN allowed us to identify the most significant contributors to elevated A-Age
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in AD with respect to healthy population. Mapping these contributors on the brain surface rendered
an anatomically interpretable perspective to A-Age estimates. Finally, the anatomical interpretability
offered by VNNs to A-Age prediction in AD was strongly associated with certain eigenvectors of
the covariance matrix, thus, rendering an explainable perspective to brain age in terms of the ability
of VNN to exploit the eigenvectors of the covariance matrix in a specific manner. We emphasize
here that in this paper, the term ‘interpretability’ is used in the context of anatomic interpretability of
A-Age and the term ‘explainability’ refers to explaining the VNN inference outcomes in terms of
their associations with the eigenvectors of the covariance matrix.

Contributions. The contributions in this paper can be summarized as follows.

a) VNNs provide anatomically interpretable A-Age: A-Age in individuals with AD diagnosis
was elevated as compared to healthy controls and significantly correlated with a clinical marker of
dementia severity. Moreover, by analyzing the outputs at the final layer of VNN for AD and healthy
population and mapping the results on the brain surface, we could identify contributing brain
regions to elevated A-Age in AD. Hence, VNN architecture yielded anatomical interpretability
for A-Age (Fig.[2).

b) Anatomical interpretability correlated with eigenvectors of the anatomical covariance ma-
trix: Our experiments demonstrated that certain eigenvectors of the anatomical covariance matrix
were highly correlated with the features that facilitated anatomical interpretability for A-Age
(Fig.3). Thus, learning to predict chronological age of healthy population facilitated the ability
of VNN to exploit the eigenvectors of the anatomical covariance matrix that were relevant to
A-Age, yielding an explainable perspective to brain age prediction.

We focused our analysis on open access OASIS-3 dataset consisting of cortical thickness features
from cognitively normal individuals and individuals in various stages of cognitive decline [33].
The findings were further validated on the baseline ADNI-1 dataset [34]]. The utility of VNN in
predicting A-Age has been explored previously in [35] but no insights were provided regarding their
explainability or anatomical interpretability. See Appendix [B]for other relevant studies.

2 coVariance Neural Networks

We begin with a brief introduction to VNNs. VNN inherit the architecture of GNNs [36] and operate
on the sample covariance matrix as the graph [31]. A dataset consisting of n random, independent
and identically distributed (i.i.d) samples, given by x; € R™*1 Vi € {1,...,n}, can be represented
in matrix form as X,, = [xy, ..., X,]. Using X,,, the sample covariance matrix is estimated as

1
n—1

n
d (xi—%)(xi—%)", (1)
i=1
where X is the sample mean of samples in X,,. The covariance matrix C can be viewed as the
adjacency matrix of a graph representing the stochastic structure of the dataset X,,, where the m
dimensions of the data can be thought of as the nodes of an m-node, undirected graph and its edges
represent the pairwise covariances between different dimensions.

(=

2.1 Architecture

Similar to GNNs that rely on convolution operations modeled by linear-shift-and-sum operators [36}
371, the convolution operation in a VNN is modeled by a coVariance filter, given by

K
H(C) £ n,Ck, 2
k=0

where scalar parameters {h }<_ 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 neighborhoods. For K > 1, the convolution operation combines information across
multi-hop neighborhoods (up to K'-hop) according to the weights hy, to form the output z = H(C)x.

A single layer of VNN is formed by passing the output of the coVariance filter through a non-
linear activation function o(-) (e.g., ReLU, tanh) that satisfies o(u) = [o(u1),...,0(un)] for
u = [uq,...,un]. Hence, the output of a single layer VNN with input x is given by z = o(H(C)x).
The construction of a multi-layer VNN is formalized next.
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Remark 1 (Multi-layer VNN). For an L-layer VNN, denote the coVariance filter in layer € of the
VNN by H,(C) and its corresponding set of filter taps by H,. Given a pointwise nonlinear activation
function o (-), the relationship between the input x,_1 and the output xy for the (-th layer is

x¢ = o(Hy(C)xy—1) for £e{l,...,L}, 3)
where X is the input X.

Furthermore, similar to other deep learning models, sufficient expressive power can be facilitated in
the VNN architecture by incorporating multiple input multiple output (MIMO) processing at every
layer. Formally, consider a VNN layer /¢ that can process Fy_; number of m-dimensional inputs
and outputs Fy number of m-dimensional outputs via Fy_; X Fy number of filter banks [38]]. In
this scenario, the input is specified as X;, = [xin[1],. .., Xin[Fin]], and the output is specified as
Xout = [Xout[1], - - -, Xout[Fout]]- The relationship between the f-th output x,,:[f] and the input x;, is

given by Xout[f] = 0'( 2521 H;,(C)xin [g]), where H,(C) is the coVariance filter that processes

Xin|g]. Without loss of generality, we assume that F;, = F,V¢ € {1,..., L}. In this case, the set of all
filter taps is given by # = {#% },Vf,g € {1,..., F},0 € {1,..., L}, where H, = {n% [k]}i,
and h? g[k] is the k-th filter tap for filter H;,(C). Thus, we can compactly represent a multi-layer
VNN architecture capable of MIMO processing via the notation ®(x; C, ), where the set of filter
taps H captures the full span of its architecture. We also use the notation ®(x; C, H) to denote the
output at the final layer of the VNN. Various aspects of the VNN architecture are illustrated in Fig. [f]
in Appendix [lEI} The VNN final layer output ®(x; C, H) is succeeded by a readout function that maps
it to the desired inference outcome.

Remark 2 (Statistical inference using VNNs). Given the eigendecomposition of C = VAV the
spectral properties of the VNN are established by studying the projection of the coVariance filter
output z = H(C)x on the eigenvectors V (similar to that for a graph filter using graph Fourier
transform [39,40)]). Theorem 1 in [31] established the equivalence between processing data samples
with principal component analysis (PCA) transform and processing data samples with a specific
polynomial on the covariance matrix 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 offer stability [I31|] and transferability guarantees [35|], which ensure reproducibility
of the inference outcomes by VNNs with high confidence.

In the context of brain age prediction, we leverage the observations in Remark [2] to demonstrate
the relationships of the inference outcomes with the eigenvectors of the anatomical covariance
matrix C (estimated from cortical thickness features) in Section ]

2.2 VNN Learning

The VNN model is trained for a regression task, where the chronological age is predicted using m
cortical thickness features. Since the VNN architecture has F' number of m-dimensional outputs in
the final layer, ®(x; C, #H) is of dimensionality m x F'. The regression output is determined by a
readout layer, which evaluates an unweighted mean of all outputs at the final layer of VNN. Therefore,
the regression output for an individual with cortical thickness x is given by

m F
§= 2 >0 Oy @

j=1f=1

Prediction using unweighted mean at the output implies that the VNN model exhibits permutation-
invariance (i.e., the final output is independent of the permutation of the input features and covariance
matrix). Moreover, it allows us to associate a scalar output with each brain region among the m
regions at the final layer. Specifically, we have

1 F
P=% J;[@(X; C.H)s, )

where p is the vector denoting the mean of filter outputs in the final layer’s filter bank. Note that
the mean of all elements in p is the prediction § formed in (@). In the context of cortical thickness
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Figure 1: Workflow for brain age and A-Age prediction using VNNs. Regions of interest (ROIs)
contributing to elevated A-Age in neurodegeneration were identified by mapping the results of the
analyses of the outputs at the final layer of VNNs on the brain surface.

datasets, each element of p can be associated with a distinct brain region. Therefore, p is a vector
of “regional contributions" to the output § by the VNN. This observation will be instrumental to
establishing the interpretability offered by VNNs in the context of A-Age prediction in Section 3]
For a regression task, the training dataset {x;,y; }; (where x; are the cortical thickness data for
an individual ¢ with chronological age ;) is leveraged to learn the filter taps in H for the VNN
®(-; C, H) such that they minimize the training loss, i.e.,

1 s
Hope = min — ;ayi, vi) ©)
where §; is evaluated similarly to (@) and £(-) is the mean-squared error (MSE) loss function.

3 Methods Overview for Brain Age Prediction

In this section, we provide an overview of the brain age prediction framework based on VNN (see
Fig. [I|for a summary). Our results primarily focus on the dataset described below.

OASIS-3 Dataset. This dataset was derived from publicly available freesurfer estimates of cortical
thickness (derived from MRI images collected by 3 Tesla scanners and hosted on central . xnat .
org), as previously reported [33]], and comprised of cognitively normal individuals (HC; n = 611,
age = 68.38 £ 7.62 years, 351 females) and individuals with AD dementia diagnosis and at various
stages of cognitive decline (n = 194, age = 74.72 &+ 7.02 years, 94 females). The cortical thickness
features were curated according to the Destrieux (DKT) atlas [41](consisting of m = 148 cortical
regions). For clarity of exposition of the brain age prediction method, any dementia staging to
subdivide the group of individuals with AD dementia diagnosis into mild cognitive impairment
(MCI) or AD was not performed, and we use the label AD+ to refer to this group. The individuals in
AD+ group were significantly older than those in HC group (t-test: p-value = 2.46 x 10723). The
boxplots for the distributions of chronological age for HC and AD+ groups are included in Fig.[T0]in
Appendix[J} For 191 individuals in the AD+ group, the clinical dementia rating (CDR) sum of boxes
scores evaluated within one year (365 days) from the MRI scan were available (CDR sum of boxes =
3.45 £ 1.74). CDR sum of boxes scores are commonly used in clinical settings to stage dementia
severity [42] and were evaluated according to [43]].

Cross-validation. The findings obtained via the analyses of the OASIS-3 dataset were cross-validated
on the ADNI-1 dataset (described in Appendix ).

3.1 Training the VNNs on HC group

We first train the VNN model to predict chronological age using the cortical thickness features for the
HC group. This enables the VNN models to capture the information about healthy aging from the
cortical thickness and associated anatomical covariance matrix. The hyperparameters for the VNN
architecture and learning rate of the optimizer were chosen according to a hyperparameter search
procedure [44]]. The VNN model had L = 2-layers with a filter bank, such that we had F' = 5, and
6 filter taps in the first layer and 10 filter taps in the second layer. The learning rate for the Adam
optimizer was set to 0.059. The number of learnable parameters for this VNN was 290. The HC
group was split into a 90/10 training/test split, and the covariance matrix was set to be the anatomical
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covariance evaluated from the training set. A part of the training set was used as a validation set
and the other used for training the VNN model. We trained 100 VNN models, each on a different
permutation of the training data. The training process was similar for all VNN and is described in
Appendix [F] No further training was performed for the VNN models in the subsequent analyses.

3.2 Analyses of regional residuals in AD+ and HC groups

Next, the VNN models trained to predict the chronological age for the HC group and (5)) were
adopted to study the effect of neurodegeneration on brain regions for AD+ group. Since the impact of
neurodegeneration was expected to appear in the anatomical covariance matrix, we report the results
when anatomical covariance Cya from the combined cortical thickness data of HC and AD+ groups
was deployed in the trained VNN models. Because of the stability property of VNNs [31, Theorem
3], the inference drawn from VNNs was expected to be stable to the composition of combined HC
and AD+ groups used to estimate the anatomical covariance matrix Cya.

For every individual in the combined dataset of HC and AD+ groups, we processed their cortical
thickness data x through the model ®(x; Cya, H) where parameters 7 were learned in the regression
task on the data from HC group as described previously. Hence, the vector of mean of all final layer

outputs for cortical thickness input x is given by p = % E?Zl [@(x; CHa, H] s and the VNN output

isy = ﬁ 2;4:81 [p];. Furthermore, we define the residual for feature a (or brain region represented

by feature a in this case) as

] £ [Pla— 7 - (7

Thus, (7) allows us to characterize the residuals with respect to the VNN output ¢ at the regional
level, where brain regions are indexed by a. Henceforth, we refer to the residuals (7)) as “regional
residuals”. Recall that these are evaluated for an individual with cortical thickness data x. We
hypothesized accelerated aging for an individual to be an aggregated effect of contributions from
certain biologically plausible brain regions. The brain regions contributing to the observed higher
A-Age (procedure described in Section [3.3) could be characterized at a regional level by the analysis
of regional residuals as defined in (7). Thus, the elements of the residual vector r can potentially act
as a biomarker that can enable the isolation of brain regions impacted due to accelerated aging in AD.

In our experiments, for a given VNN model, the residual vector r was evaluated for every individual
in the OASIS-3 dataset. Also, the population of residual vectors for the HC group is denoted by ryc,
and that for individuals in the AD+ group by rap+. The length of the residual vectors is the same as
the number of cortical thickness features (i.e., m = 148). Further, each element of the residual vector
was mapped to a distinct brain region and ANOVA was used to test for group differences between
individuals in HC and AD+ groups. Also, since elevation in A-Age is the biomarker of interest in this
analysis, we hypothesized that the brain regions that exhibited higher means for regional residuals for
AD+ group than HC group would be the most relevant to capturing accelerated aging. Hence, the
results are reported only for brain regions that showed elevated regional residual distribution in AD+
group with respect to HC group. Further, the group difference between AD+ and HC groups in the
residual vector element for a brain region was deemed significant if it met the following criteria: i)
the corrected p-value (Bonferroni correction) for the clinical diagnosis label in the ANOVA model
was smaller than 0.05; and ii) the uncorrected p-value for clinical diagnosis label in ANCOVA model
with age and sex as covariates was smaller than 0.05. See Appendix [H]for an example of this analysis.

Recall that 100 distinct VNNs were trained as regression models on different permutations of the
training set of cortical thickness features from HC group. We used these trained models to establish
the robustness of observed group differences in the distributions of regional residuals.

Deriving anatomical interpretability or regional profile for A-Age from the robustness of
findings from regional analyses. We performed the regional analysis described above corresponding
to each trained VNN model and tabulated the number of VNN models for which a brain region was
deemed to be associated with a significantly elevated regional residual for the AD+ group. A larger
number of VNN models isolating a brain region as significant suggested that this region was likely to
be a highly robust contributor to accelerated aging in the AD+ group.

Explaining the anatomical interpretability. We further investigated the relationship between
regional residuals derived from VNNs and the eigenvectors of Cpa to determine the specific eigen-
vectors (principal components) of Cpa that were instrumental to anatomical interpretability. For this
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purpose, we evaluated the inner product of normalized residual vectors (norm = 1) obtained from
VNNs and the eigenvectors of the covariance matrix Cya for the individuals in AD+ group. The
normalized residual vector is denoted by rap+. For every individual, the mean of the absolute value
of the inner product | <Tap., v; > | (where v; is the i-th eigenvector of Cpa) was evaluated for the
100 VNN models.

Note that the VNNs were trained as described in Section 3.1 and hence, their ability to exploit
the eigenvectors of the covariance matrix in a specific manner was learned when trained to predict
chronological age for a healthy population. Hence, to gauge whether the anatomical interpretability
was contingent on the learned ability of VNN to exploit the eigenvectors of the covariance matrix
from the procedure in Section 3.1, we also derived the anatomical interpretability for randomly
initialized VNNS.

3.3 Individual-level brain age prediction

Finally, a scalar estimate for the brain age was obtained from the VNN regression output through
a procedure consistent with the existing studies in this domain. Note that 100 VNNs provide 100
estimates ¢ of the chronological age for each subject. For simplicity, we consider ¢ to be the mean
of these estimates. A systemic bias in the gap between ¢ and y may potentially exist when the
correlation between ¢ and y is smaller than 1. Such a bias can confound the interpretations of brain
age due to underestimation for older individuals and overestimation for younger individuals [43]].
Therefore, to correct for this age-induced bias in § — y, we adopted a linear regression model-
based approach [45}46]. Specifically, the following bias correction steps were applied on the VNN
estimated age ¢ to obtain the brain age yg for an individual with chronological age y:

Step 1. Fit a regression model for the HC group to determine scalars v and 3 in the following model:
J—y=ay+p3. ®

Step 2. Evaluate brain age yg as follows:
g =1— (ay+p5). ©))

The gap between ¢g and y is the A-Age and is defined below. For an individual with cortical thickness
x and chronological age y, the brain age gap A-Age is formally defined as

A-Age = g — vy, (10)

where §g is determined from the VNN age estimate § and y according to steps in (§) and (9). The
age-bias correction in (8) and (@) was performed only for the HC group to account for bias in the
VNN estimates due to healthy aging, and then applied to the AD+ group. Further, the distributions of
A-Age were obtained for all individuals in HC and AD+ groups.

A-Age for AD+ group was expected to be elevated as compared to HC group as a consequence of
elevated regional residuals derived from the VNN model. To elucidate this, consider a toy example
with two individuals of the same chronological age y, with one belonging to the AD+ group and
another to the HC group. Equation (9) suggests that their corresponding VNN outputs (denoted
by yap+ for individual in the AD+ group and yyc for individual in the HC group) are corrected
for age-bias using the same term ay + 5. Hence, A-Age for the individual in the AD+ group will
be elevated with respect to that from the HC group only if the VNN prediction yap is elevated
with respect to ync. Since the VNN predictions gap+ and §uc are proportional to the unweighted
aggregations of the estimates at the regional level [see {@) and (3)], larger §ap with respect to guc
can be a direct consequence of a subset of regional residuals [see (7)] being robustly elevated in AD+
group with respect to HC group across the 100 VNN models. When the individuals in this example
have different chronological age, the age-bias correction is expected to remove any variance due to
chronological age in A-Age. We also verified that the differences in A-Age for AD+ and HC group
were not driven by age or sex differences via ANCOVA with age and sex as covariates.

4 Results

4.1 Chronological age prediction for the HC group

The performance achieved by the VNNs on the chronological age prediction task for the HC group has
been summarized over the 100 nominal VNN models. VNNs achieved a mean absolute error (MAE)
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of 5.82 4+ 0.13 years and Pearson’s correlation of 0.51 4 0.078 between the chronological age
estimates and the ground truth on the test set. Moreover, on the complete dataset, the MAE was
5.44 + 0.18 years and Pearson’s correlation was 0.47 £ 0.074. Thus, the trained VNNs were not
overfit on the training set.

Next, for every individual in the HC group, we evaluated the mean of the inner products (also
equivalently referred to as dot product) between the vectors of contributions of every brain region
[p in (B)] and the eigenvectors of the anatomical covariance matrix for all 100 VNN models. The
strongest alignment was present between the first eigenvector of the anatomical covariance matrix (i.e.,
the eigenvector associated with the largest eigenvalue) and the vectors of regional contributions to the
VNN output (0.987 £ 0.0005 across the HC group), with relatively smaller associations for second
(0.051 % 0.003), third (0.075 £ 0.004), and fourth (0.094 £ 0.003) eigenvectors. Additional details
are included in Appendix [G] Thus, the VNNs exploited the eigenvectors of the anatomical covariance
matrix to achieve the learning performance in this task. The first eigenvector of the anatomical
covariance matrix predominantly included bilateral anatomic brain regions in the parahippocampal
gyrus, precuneus, inferior medial temporal gyrus, and precentral gyrus.

We remark that several existing studies on brain age prediction have utilized deep learning and other
approaches to report better MAE on their respective healthy populations [20H22} 47]. In contrast, our
contribution here is conceptual, where we have explored the properties of VNNs when they are trained
to predict the chronological age for the HC group. Subsequently, our primary focus in the context
of brain age is on demonstrating the anatomical interpretability offered by VNNs and relevance of
eigenvectors of the anatomical covariance matrix. Thus, we further provide the insights that have not
been explored (or are infeasible to obtain) for most existing brain age evaluation frameworks based
on less transparent deep learning models.

4.2 Analyses of regional residuals derived from VNNs revealed regions characteristic of AD

Figure|2p displays the robustness (determined via analyses of 100 VNN models) for various brain
regions being associated with significantly larger residual elements for the AD+ group than the HC
group. The most significant regions with elevated regional residuals in AD+ with respect to HC were
concentrated in bilateral inferior parietal, temporal, entorhinal, parahippocampal, subcallosal, and
precentral regions. All these brain regions, except for precentral and subcallosal, mirrored the cortical
atrophy (Fig. [[T]in supplementary material), and these regions are known to be highly interconnected
with hippocampus [48]]. Hence, brain regions characteristic of AD had significant differences in
regional residual distributions for AD+ group as compared to HC group.

Although the results in Fig. [Zh provided a meaningful regional profile for AD+ group, we further
performed exploratory analysis to check whether the regional residuals had any clinical significance.
To this end, we evaluated the Pearson’s correlations between CDR sum of boxes and the regional
residuals derived from final layer VNN outputs for the AD+ group for all 100 VNN models. Interest-
ingly, the brain regions with the largest correlations with the CDR sum of boxes scores in Fig. 2
were concentrated in the parahippocampal, medial temporal lobe, and temporal pole regions (also
isolated in Fig.[2h). This observation provides the evidence that the regional residuals for the AD+
group that led to the result in Fig. Zh could predict dementia severity.

4.3 A-Age was elevated in AD+ group and correlated with CDR

We evaluated the A-Age for HC and AD+ groups according to the procedure specified in Section [3.3]
We also investigated the Pearson’s correlation between A-Age and CDR sum of boxes scores in
AD+ group. Figure[2b illustrates the distributions for A-Age for HC and AD+ groups (A-Age for
HC: 0 &+ 2.83 years, A-Age for AD+: 3.54 £ 4.49 years). The difference in A-Age for AD+ and
HC groups was significant (Cohen’s d = 0.942, ANCOVA with age and sex as covariates: p-value
< 10729, partial n? = 0.158). Also, age and sex were not significant in ANCOVA (p-value > 0.4
for both). Hence, the group difference in A-Age for the two groups was not driven by the difference
in the distributions of their chronological age. Figure 2d plots CDR sum of boxes scores versus
A-Age for the AD+ group. Pearson’s correlation between CDR sum of boxes score and A-Age was
0.474 (p-value = 2.88 x 10~'2), thus, implying that the A-Age evaluated for AD+ group captured
information about dementia severity. Hence, as expected, the A-Age for AD+ was likely to be larger
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Figure 2: Anatomically interpretable A-Age evaluation in OASIS-3. Panel a displays the robust-
ness of the significantly elevated regional residuals for AD+ group with respect to HC group for
different brain regions. For every VNN model in the set of 100 nominal VNN models that were
trained on HC group, the analyses of regional residuals helped isolate brain regions that corresponded
to significantly elevated regional residuals in AD+ group with respect to HC group. After performing
this experiment for 100 VNN models, the robustness of the observed significant effects in a brain
region was evaluated by calculating the number of times a brain region was identified to have signif-
icantly elevated regional residuals in AD+ group with respect to HC group. The number of times
a brain region was linked with significantly elevated regional residuals in AD+ group with respect
to HC group is projected on the brain template. Panel b displays the distribution of A-Age for HC
and AD+ groups. The elevated brain age effect here is characterized by regional profile in Panel a.
Panel ¢ projects the mean Pearson’s correlation between regional residuals (derived for each VNN
model in the set of 100 nominal VNN models) and CDR sum of boxes for AD+ group on the brain
template. Panel d displays the scatter plot for CDR sum of boxes versus A-Age in AD+ group. The
correlation between A-Age and CDR sum of boxes could be attributed to the observations in Panel c.

with an increase in CDR sum of boxes scores. For instance, the mean A-Age for individuals with
CDR sum of boxes greater than 4 was 6.04 years, and for CDR sum of boxes < 4 was 2.42 years.

Given that the age-bias correction procedure is a linear transformation of VNN outputs, it can readily
be concluded that the statistical patterns for regional residuals in Fig.[Zh and Fig. 2k lead to elevated
A-Age and correlation between A-Age and CDR sum of boxes scores. Therefore, our framework
provides a feasible way to characterize accelerated biological aging in AD+ group with a regional
profile. Additional figures and details pertaining to VNN outputs and brain age before and after the
age-bias correction was applied are included in Appendix []]

4.4 Regional residuals derived from VNNs were correlated with eigenvectors of the
anatomical covariance matrix

Figure [3a plots the mean inner product | < Tap+, v; > | for eigenvectors associated with 50 largest
eigenvalues of Cya. The three largest mean correlations with the regional residuals in AD+ group
were observed for the third eigenvector of Cya (| <Tap+,vs>| = 0.645 £ 0.016), fourth eigenvec-
tor (| <Tap+,va>| = 0.305 £ 0.02), and the first eigenvector (| <Fap,vi>| = 0.299 & 0.001).
These eigenvectors are plotted on a brain template in the expanded Fig. [3p. Inspection of the first,

Q
46966 https://doi.org/10.52202/075280-2034



Inner product between normalized regional residuals and eigenvectors of Cha

oS
’(14
‘<03

Yoz

I ‘lll o ol “lll | ™S anbasls g han al g

45678910
Elgenvector number i

b Eigenvectors of Cya

® o6 o8
@@ @6/ & @

014 -012 0.0 002 01 02

o3 02 -0 05 -04 -03 02 -01 00

|<rAD+ V1>| =0.299 + 0.001 |<er+-,V3>\ 0.645 +0.016 | <Fap+4,va>| = 0.305 + 0.02

Figure 3: a. Bar plots of the mean inner products between the normalized vector of regional
residuals (norm = 1) of VNN outputs (VNNSs trained on OASIS-3) obtained from AD+ group and the
eigenvectors of Cyp (covariance matrix of combined HC and AD+ group) with respective standard
deviations as error bars. Results with coefficient of variation > 30% across the AD+ group have
been excluded. b. The eigenvectors associated with the top three largest values for | <Tapy, v; > |
are plotted on the brain surface. Subcallosal region in the right hemisphere was associated with
the element with the largest magnitude in vz and v4 and is highlighted with a red circle in the
corresponding plots.

third, and fourth eigenvectors of Cpa suggested that subcallosal, entorhinal, parahippocampal and
temporal pole regions had the most dominant weights (in terms of magnitude) in these eigenvectors.

4.5 Anatomical interpretability was diminished for randomly initialized VNNs.

Finally, we leveraged 100 VNNs that were randomly initialized (i.e., not trained whatsoever) to
evaluate the regional profiles for brain regions that exhibited elevated regional residuals for AD+
group with respect to HC group in OASIS-3. These VNNs had the same architecture as the VNN that
were trained on OASIS-3. Figure [[3h in the supplementary material shows that the robustness of the
regional residuals being elevated for AD+ group with respect to HC group was severely diminished
as compared to the parallel results in Fig. 2h. Similarly, the correlation between the regional residual
derived using randomly initialized VNNs and CDR scores was highly inconsistent (Fig. [[3p in
supplementary material) as compared to parallel results in Fig. Pk. These findings suggested that the
ability of VNNSs to exploit the covariance matrix (learned when trained to predict chronological age
of the HC group) was instrumental to the results derived in Fig. 2}

4.6 Additional Experiments

Cross-validation: The results derived in Fig. 2h and Fig. Zb were cross-validated on the ADNI-1
dataset (see Appendix [[|for details).

Stability to perturbations in Cpa: As a consequence of the stability of VNNs, we observed that the
regional profile for A-Age in Fig. [2h was stable even when the covariance matrix Cpa was estimated
by a variable composition of individuals from the HC and AD+ group (Appendix [M]).

Anatomical covariance matrix and brain age: Use of anatomical covariance matrix derived from
only HC group provides results consistent with Fig. [2] albeit with a slightly smaller group difference
between the A-Age distributions for HC and AD+ groups. See Appendix [N]for details.

We refer the reader to Appendix [C]for discussions on various aspects of this work and its limitations
and associated societal concerns.

10
https://doi.org/10.52202/075280-2034 46967



5 Acknowledgements

OASIS-3 data were provided by Longitudinal Multimodal Neuroimaging: Principal Investigators:
T. Benzinger, D. Marcus, J. Morris; NIH P30 AG066444, P50 AG00561, P30 NS09857781, PO1
AG026276, P01 AG003991, RO1 AG043434, UL1 TR000448, RO1 EB009352. Data collection and
sharing for ADNI-1 dataset was funded by the Alzheimer’s Disease Neuroimaging Initiative (ADNI)
(National Institutes of Health Grant U01 AG024904) and DOD ADNI (Department of Defense award
number W81XWH-12-2-0012). ADNI data are disseminated by the Laboratory for Neuro Imaging at
the University of Southern California.

We are grateful to the anonymous reviewers, whose suggestions have greatly improved this paper.

References

[1] Carlos Lépez-Otin et al. The hallmarks of aging. Cell, 153(6):1194-1217, 2013.

[2] Giovanni B Frisoni, Nick C Fox, Clifford R Jack, Philip Scheltens, and Paul M Thompson. The
clinical use of structural MRI in Alzheimer disease. Nature Reviews Neurology, 6(2):67-77,
2010.

[3] J Jean Chen. Functional MRI of brain physiology in aging and neurodegenerative diseases.
Neuroimage, 187:209-225, 2019.

[4] Ruth Peters. Ageing and the brain. Postgraduate medical journal, 82(964):84-88, 2006.

[5] James H Cole and Katja Franke. Predicting age using neuroimaging: Innovative brain ageing
biomarkers. Trends in Neurosciences, 40(12):681-690, 2017.

[6] James H Cole, Stuart J Ritchie, Mark E Bastin, Valdés Herndndez, S Mufnoz Maniega, Natalie
Royle, Janie Corley, Alison Pattie, Sarah E Harris, Qian Zhang, et al. Brain age predicts
mortality. Molecular Psychiatry, 23(5):1385-1392, 2018.

[7] Lea Baecker, Rafael Garcia-Dias, Sandra Vieira, Cristina Scarpazza, and Andrea Mechelli.
Machine learning for brain age prediction: Introduction to methods and clinical applications.
EBioMedicine, 72:103600, 2021.

[8] Lea Baecker, Jessica Dafflon, Pedro F Da Costa, Rafael Garcia-Dias, Sandra Vieira, Cristina
Scarpazza, Vince D Calhoun, Joao R Sato, Andrea Mechelli, and Walter HL Pinaya. Brain
age prediction: A comparison between machine learning models using region-and voxel-based
morphometric data. Human Brain Mapping, 42(8):2332-2346, 2021.

[9] Iman Beheshti, MA Ganaie, Vardhan Paliwal, Aryan Rastogi, Imran Razzak, and Muhammad
Tanveer. Predicting brain age using machine learning algorithms: A comprehensive evaluation.
IEEE Journal of Biomedical and Health Informatics, 26(4):1432-1440, 2021.

[10] Oscar Pina, Irene Cumplido-Mayoral, Raffaele Cacciaglia, José Maria Gonzalez-de Echdvarri,
Juan Domingo Gispert, and Verénica Vilaplana. Structural networks for brain age prediction.
In International Conference on Medical Imaging with Deep Learning, pages 944-960. PMLR,
2022.

[11] Katja Franke and Christian Gaser. Ten years of brainage as a neuroimaging biomarker of brain
aging: What insights have we gained? Frontiers in neurology, page 789, 2019.

[12] Katja Franke and Christian Gaser. Longitudinal changes in individual brainage in healthy
aging, mild cognitive impairment, and Alzheimer’s disease. GeroPsych: The Journal of
Gerontopsychology and Geriatric Psychiatry, 25(4):235, 2012.

[13] M Habes, D Janowitz, G Erus, JB Toledo, SM Resnick, J Doshi, S Van der Auwera, K Wittfeld,
K Hegenscheid, N Hosten, et al. Advanced brain aging: Relationship with epidemiologic
and genetic risk factors, and overlap with Alzheimer disease atrophy patterns. Translational
Psychiatry, 6(4):¢775-e775, 2016.

[14] Mariona Jové, Manuel Portero-Otin, Alba Naudi, Isidre Ferrer, and Reinald Pamplona.
Metabolomics of human brain aging and age-related neurodegenerative diseases. Journal
of Neuropathology & Experimental Neurology, 73(7):640-657, 2014.

[15] Tomas Hajek, Katja Franke, Marian Kolenic, Jana Capkova, Martin Matejka, Lukas Propper,
Rudolf Uher, Pavla Stopkova, Tomas Novak, Tomas Paus, et al. Brain age in early stages of
bipolar disorders or schizophrenia. Schizophrenia Bulletin, 45(1):190-198, 2019.

11
46968 https://doi.org/10.52202/075280-2034



[16] Scott M McGinnis, Michael Brickhouse, Belen Pascual, and Bradford C Dickerson. Age-related
changes in the thickness of cortical zones in humans. Brain Topography, 24(3):279-291, 2011.

[17] Manja Lehmann, Sebastian J Crutch, Gerard R Ridgway, Basil H Ridha, Josephine Barnes,
Elizabeth K Warrington, Martin N Rossor, and Nick C Fox. Cortical thickness and voxel-based
morphometry in posterior cortical atrophy and typical Alzheimer’s disease. Neurobiology of
aging, 32(8):1466—-1476, 2011.

[18] Mert R Sabuncu, Rahul S Desikan, Jorge Sepulcre, Boon Thye T Yeo, Hesheng Liu, Nicholas J
Schmansky, Martin Reuter, Michael W Weiner, Randy L Buckner, Reisa A Sperling, et al. The
dynamics of cortical and hippocampal atrophy in Alzheimer disease. Archives of neurology, 68
(8):1040-1048, 2011.

[19] Alan C Evans. Networks of anatomical covariance. Neuroimage, 80:489-504, 2013.

[20] Chenzhong Yin, Phoebe Imms, Mingxi Cheng, Anar Amgalan, Nahian F Chowdhury, Roy J
Massett, Nikhil N Chaudhari, Xinghe Chen, Paul M Thompson, Paul Bogdan, et al. Anatomi-
cally interpretable deep learning of brain age captures domain-specific cognitive impairment.
Proceedings of the National Academy of Sciences, 120(2):€2214634120, 2023.

[21] Vishnu M Bashyam, Guray Erus, Jimit Doshi, Mohamad Habes, Ilya M Nasrallah, Monica
Truelove-Hill, Dhivya Srinivasan, Liz Mamourian, Raymond Pomponio, Yong Fan, et al. MRI
signatures of brain age and disease over the lifespan based on a deep brain network and 14 468
individuals worldwide. Brain, 143(7):2312-2324, 2020.

[22] Baptiste Couvy-Duchesne, Johann Faouzi, Benoit Martin, Elina Thibeau-Sutre, Adam Wild,
Manon Ansart, Stanley Durrleman, Didier Dormont, Ninon Burgos, and Olivier Colliot. Ensem-
ble learning of convolutional neural network, support vector machine, and best linear unbiased
predictor for brain age prediction: Aramis contribution to the predictive analytics competition
2019 challenge. Frontiers in Psychiatry, 11:593336, 2020.

[23] Ellyn R Butler, Andrew Chen, Rabie Ramadan, Trang T Le, Kosha Ruparel, Tyler M Moore,
Theodore D Satterthwaite, Fengqing Zhang, Haochang Shou, Ruben C Gur, et al. Pitfalls in
brain age analyses. Technical report, Wiley Online Library, 2021.

[24] Angela Lombardi, Domenico Diacono, Nicola Amoroso, Alfonso Monaco, Jodo Manuel RS
Tavares, Roberto Bellotti, and Sabina Tangaro. Explainable deep learning for personalized age
prediction with brain morphology. Frontiers in neuroscience, 15:578, 2021.

[25] Jeyeon Lee, Brian J Burkett, Hoon-Ki Min, Matthew L Senjem, Emily S Lundt, Hugo Botha,
Jonathan Graff-Radford, Leland R Barnard, Jeffrey L Gunter, Christopher G Schwarz, et al.
Deep learning-based brain age prediction in normal aging and dementia. Nature Aging, 2(5):
412-424, 2022.

[26] Simon M Hofmann, Frauke Beyer, Sebastian Lapuschkin, Ole Goltermann, Markus Loeffler,
Klaus-Robert Miiller, Arno Villringer, Wojciech Samek, and A Veronica Witte. Towards the
interpretability of deep learning models for multi-modal neuroimaging: Finding structural
changes of the ageing brain. Neurolmage, 261:119504, 2022.

[27] Ann-Kathrin Dombrowski, Maximillian Alber, Christopher Anders, Marcel Ackermann, Klaus-
Robert Miiller, and Pan Kessel. Explanations can be manipulated and geometry is to blame.
Advances in neural information processing systems, 32, 2019.

[28] Julius Adebayo, Justin Gilmer, Michael Muelly, lan Goodfellow, Moritz Hardt, and Been Kim.
Sanity checks for saliency maps. Advances in neural information processing systems, 31, 2018.

[29] Emily Black, Manish Raghavan, and Solon Barocas. Model multiplicity: Opportunities, con-
cerns, and solutions. In Proceedings of the 2022 ACM Conference on Fairness, Accountability,
and Transparency, pages 850-863, 2022.

[30] Robert J Jirsaraie, Aaron J Gorelik, Martins M Gatavins, Denis A Engemann, Ryan Bogdan,
Deanna M Barch, and Aristeidis Sotiras. A systematic review of multimodal brain age studies:
Uncovering a divergence between model accuracy and utility. Patterns, 4(4), 2023.

[31] Saurabh Sihag, Gonzalo Mateos, Corey McMillan, and Alejandro Ribeiro. coVariance neural
networks. In Proc. Conference on Neural Information Processing Systems, Nov. 2022.

[32] Hao Yuan, Haiyang Yu, Shurui Gui, and Shuiwang Ji. Explainability in graph neural networks:
A taxonomic survey. IEEE transactions on pattern analysis and machine intelligence, 45(5):
5782-5799, 2022.

172
https://doi.org/10.52202/075280-2034 46969



[33] Pamela J LaMontagne, Tammie LS Benzinger, John C Morris, Sarah Keefe, Russ Hornbeck,
Chengjie Xiong, Elizabeth Grant, Jason Hassenstab, Krista Moulder, Andrei G Vlassenko,
et al. OASIS-3: longitudinal neuroimaging, clinical, and cognitive dataset for normal aging and
Alzheimer disease. MedRxiv, 2019.

[34] Bradley T Wyman, Danielle J Harvey, Karen Crawford, Matt A Bernstein, Owen Carmichael,
Patricia E Cole, Paul K Crane, Charles DeCarli, Nick C Fox, Jeffrey L Gunter, et al. Standard-
ization of analysis sets for reporting results from adni mri data. Alzheimer’s & Dementia, 9(3):
332-337,2013.

[35] Saurabh Sihag, Gonzalo Mateos, Corey McMillan, and Alejandro Ribeiro. Predicting brain
age using transferable coVariance neural networks. In Proc. IEEE International Conference on
Acoustics, Speech, and Signal Processing, Jun. 2023.

[36] Fernando Gama, Elvin Isufi, Geert Leus, and Alejandro Ribeiro. Graphs, convolutions, and
neural networks: From graph filters to graph neural networks. IEEE Signal Processing Magazine,
37(6):128-138, 2020.

[37] Antonio Ortega, Pascal Frossard, Jelena Kovacevié, José MF Moura, and Pierre Vandergheynst.
Graph signal processing: Overview, challenges, and applications. Proceedings of the IEEE, 106
(5):808-828, 2018.

[38] Fernando Gama, Joan Bruna, and Alejandro Ribeiro. Stability properties of graph neural
networks. IEEE Transactions on Signal Processing, 68:5680-5695, 2020.

[39] Si Zhang, Hanghang Tong, Jiejun Xu, and Ross Maciejewski. Graph convolutional networks: A
comprehensive review. Computational Social Networks, 6(1):1-23, 2019.

[40] David I Shuman, Sunil K Narang, Pascal Frossard, Antonio Ortega, and Pierre Vandergheynst.
The emerging field of signal processing on graphs: Extending high-dimensional data analysis to
networks and other irregular domains. IEEE Signal Processing Magazine, 30(3):83-98, 2013.

[41] Christophe Destrieux, Bruce Fischl, Anders Dale, and Eric Halgren. Automatic parcellation
of human cortical gyri and sulci using standard anatomical nomenclature. Neuroimage, 53(1):
1-15, 2010.

[42] Sid E O’Bryant, Stephen C Waring, C Munro Cullum, James Hall, Laura Lacritz, Paul J] Mass-
man, Philip J Lupo, Joan S Reisch, Rachelle Doody, Texas Alzheimer’s Research Consortium,
et al. Staging dementia using clinical dementia rating scale sum of boxes scores: a texas
Alzheimer’s research consortium study. Archives of Neurology, 65(8):1091-1095, 2008.

[43] John C Morris. The clinical dementia rating (cdr): current version and scoring rules. Neurology,
1993.

[44] Takuya Akiba, Shotaro Sano, Toshihiko Yanase, Takeru Ohta, and Masanori Koyama. Optuna:
A next-generation hyperparameter optimization framework. In Proceedings of the 25th ACM
SIGKDD International Conference on Knowledge Discovery & Data Mining, pages 2623-2631,
2019.

[45] Iman Beheshti, Scott Nugent, Olivier Potvin, and Simon Duchesne. Bias-adjustment in
neuroimaging-based brain age frameworks: A robust scheme. Neurolmage: Clinical, 24:
102063, 2019.

[46] Ann-Marie G de Lange and James H Cole. Commentary: Correction procedures in brain-age
prediction. Neurolmage: Clinical, 26, 2020.

[47] Franziskus Liem, Gaél Varoquaux, Jana Kynast, Frauke Beyer, Shahrzad Kharabian Masouleh,
Julia M Huntenburg, Leonie Lampe, Mehdi Rahim, Alexandre Abraham, R Cameron Craddock,
et al. Predicting brain-age from multimodal imaging data captures cognitive impairment.
Neuroimage, 148:179-188, 2017.

[48] Olof Lindberg, Eric Westman, Sari Karlsson, Per Ostberg, Leif A Svensson, Andrew Simmons,
and Lars-Olof Wahlund. Is the subcallosal medial prefrontal cortex a common site of atrophy in
alzheimer’s disease and frontotemporal lobar degeneration? Frontiers in Aging Neuroscience, 4:
32,2012.

[49] Joan Bruna, Wojciech Zaremba, Arthur Szlam, and Yann LeCun. Spectral networks and locally
connected networks on graphs. arXiv preprint arXiv:1312.6203,2013.

[50] David K Hammond, Pierre Vandergheynst, and Rémi Gribonval. Wavelets on graphs via spectral
graph theory. Applied and Computational Harmonic Analysis, 30(2):129-150, 2011.

17
46970 https://doi.org/10.52202/075280-2034



[51] James Atwood and Don Towsley. Diffusion-convolutional neural networks. Advances in neural
information processing systems, 29, 2016.

[52] Saurabh Verma and Zhi-Li Zhang. Stability and generalization of graph convolutional neural
networks. In Proceedings of the 25th ACM SIGKDD International Conference on Knowledge
Discovery & Data Mining, pages 1539-1548, 2019.

[53] Nicolas Keriven, Alberto Bietti, and Samuel Vaiter. Convergence and stability of graph convo-
lutional networks on large random graphs. Advances in Neural Information Processing Systems,
33:21512-21523, 2020.

[54] Luana Ruiz, Luiz Chamon, and Alejandro Ribeiro. Graphon neural networks and the trans-
ferability of graph neural networks. Advances in Neural Information Processing Systems, 33:
1702-1712, 2020.

[55] Hiroshi Murase and Shree K. Nayar. Illumination planning for object recognition using
parametric eigenspaces. IEEE Transactions on Pattern Analysis and Machine Intelligence, 16

(12):1219-1227, 1994.

[56] Fernando De la Torre and Michael J Black. Robust principal component analysis for computer
vision. In Proceedings Eighth IEEE International Conference on Computer Vision. ICCV 2001,
volume 1, pages 362-369. IEEE, 2001.

[57] DB Stephenson. Correlation of spatial climate/weather maps and the advantages of using the
mahalanobis metric in predictions. Tellus A, 49(5):513-527, 1997.

[58] Hu Shao, William HK Lam, Agachai Sumalee, Anthony Chen, and Martin L Hazelton. Estima-
tion of mean and covariance of peak hour origin—destination demands from day-to-day traffic
counts. Transportation Research Part B: Methodological, 68:52-75, 2014.

[59] Mohd Nazri Ismail, Abdulaziz Aborujilah, Shahrulniza Musa, and AAmir Shahzad. Detecting
flooding based dos attack in cloud computing environment using covariance matrix approach.
In Proceedings of the 7th international conference on ubiquitous information management and
communication, pages 1-6, 2013.

[60] Jaykumar Kakkad, Jaspal Jannu, Kartik Sharma, Charu Aggarwal, and Sourav Medya. A survey
on explainability of graph neural networks. arXiv preprint arXiv:2306.01958, 2023.

[61] Phillip E Pope, Soheil Kolouri, Mohammad Rostami, Charles E Martin, and Heiko Hoff-
mann. Explainability methods for graph convolutional neural networks. In Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition, pages 10772-10781, 2019.

[62] Zhitao Ying, Dylan Bourgeois, Jiaxuan You, Marinka Zitnik, and Jure Leskovec. Gnnexplainer:
Generating explanations for graph neural networks. Advances in neural information processing
systems, 32, 2019.

[63] Qiang Huang, Makoto Yamada, Yuan Tian, Dinesh Singh, and Yi Chang. Graphlime: Local
interpretable model explanations for graph neural networks. IEEE Transactions on Knowledge
and Data Engineering, 2022.

[64] Hao Yuan, Jiliang Tang, Xia Hu, and Shuiwang Ji. Xgnn: Towards model-level explanations of
graph neural networks. In Proceedings of the 26th ACM SIGKDD International Conference on
Knowledge Discovery & Data Mining, pages 430—438, 2020.

[65] Hao Yuan, Haiyang Yu, Jie Wang, Kang Li, and Shuiwang Ji. On explainability of graph neural
networks via subgraph explorations. In International conference on machine learning, pages
12241-12252. PMLR, 2021.

[66] Sebastian G Popescu, Ben Glocker, David J Sharp, and James H Cole. Local brain-age: a u-net
model. Frontiers in Aging Neuroscience, 13:761954, 2021.

[67] Xinyang Feng, Zachary C Lipton, Jie Yang, Scott A Small, Frank A Provenzano, Alzheimer’s
Disease Neuroimaging Initiative, Frontotemporal Lobar Degeneration Neuroimaging Initiative,
et al. Estimating brain age based on a uniform healthy population with deep learning and
structural magnetic resonance imaging. Neurobiology of aging, 91:15-25, 2020.

[68] Xinyang Feng, Jie Yang, Zachary C Lipton, Scott A Small, Frank A Provenzano, Alzheimer’s
Disease Neuroimaging Initiative, et al. Deep learning on MRI affirms the prominence of the
hippocampal formation in Alzheimer’s disease classification. bioRxiv, page 456277, 2018.

14
https://doi.org/10.52202/075280-2034 46971



[69] Achraf Essemlali, Etienne St-Onge, Maxime Descoteaux, and Pierre-Marc Jodoin. Understand-
ing Alzheimer disease’s structural connectivity through explainable Al. In Medical Imaging
with Deep Learning, pages 217-229. PMLR, 2020.

[70] Helmet T Karim, Maria Ly, Gary Yu, Robert Krafty, Dana L. Tudorascu, Howard J Aizenstein,
and Carmen Andreescu. Aging faster: Worry and rumination in late life are associated with
greater brain age. Neurobiology of Aging, 101:13-21, 2021.

[71] Steve Horvath. Dna methylation age of human tissues and cell types. Genome biology, 14(10):
1-20, 2013.

[72] Lisa Ronan, Aaron F Alexander-Bloch, Konrad Wagstyl, Sadaf Farooqi, Carol Brayne, Lor-
raine K Tyler, Paul C Fletcher, et al. Obesity associated with increased brain age from midlife.
Neurobiology of aging, 47:63-70, 2016.

[73] Klara Mareckova, Radek Marecek, Lenka Andryskova, Milan Brazdil, and Yuliya S Nikolova.
Maternal depressive symptoms during pregnancy and brain age in young adult offspring:
findings from a prenatal birth cohort. Cerebral Cortex, 30(7):3991-3999, 2020.

[74] Lars T Westlye, Ivar Reinvang, Helge Rootwelt, and Thomas Espeseth. Effects of apoe on brain
white matter microstructure in healthy adults. Neurology, 79(19):1961-1969, 2012.

[75] Adam Paszke, Sam Gross, Francisco Massa, Adam Lerer, James Bradbury, Gregory Chanan,
Trevor Killeen, Zeming Lin, Natalia Gimelshein, Luca Antiga, et al. Pytorch: An imperative
style, high-performance deep learning library. Advances in Neural Information Processing
Systems, 32, 2019.

[76] Christian Gaser, Robert Dahnke, Paul M Thompson, Florian Kurth, Eileen Luders, and
Alzheimer’s Disease Neuroimaging Initiative. Cat—a computational anatomy toolbox for the
analysis of structural mri data. biorxiv, pages 2022-06, 2022.

[77] Gary W van Hoesen, Jean C Augustinack, Jason Dierking, Sarah J Redman, and Ramasamy
Thangavel. The parahippocampal gyrus in alzheimer’s disease: clinical and preclinical neu-
roanatomical correlates. Annals of the New York Academy of Sciences, 911(1):254-274, 2000.

15
46972 https://doi.org/10.52202/075280-2034



A Data and Code Availability

OASIS-3 dataset is publicly available and hosted on|central . xnat . org. Access to OASIS-3 dataset
may be requested through https://www.oasis-brains.org/. Supplementary files include (i) the
VNN models trained to predict chronological age for HC group, (ii) code for demonstrations of evalu-
ating regional profiles corresponding to elevated regional residuals in AD+ group, and correlations be-
tween the eigenvectors of the anatomical covariance and VNN outputs using a small subset of z-score
normalized cortical thickness data, (iii) the regional residuals derived from different VNN models
for the OASIS-3 dataset that lead to results in Fig. 2] and (iv) the code for brain age evaluation on
OASIS-3 dataset. All material is also available online athttps://github.com/sihags/VNN_Brain_Age,

B Relevant Literature

Graph convolutional networks. GCNs typically rely on an information aggregation procedure
(referred to as graph convolutions) over a graph structure for data processing. Several implemen-
tation strategies for graph convolution operations have been proposed in the literature, including
spectral convolutions [49], Chebyshev polynomials [S0], ordinary polynomials [36]], and diffusion
based representations [S1]. GCNs admit the properties of stability to topological perturbations and
transferability across graphs of different sizes in various settings [38] 52154, which makes them a
well-motivated data analysis tool for graph-structured data.

In [31], coVariance neural networks (VNN) were proposed as GCNs with sample covariance ma-
trices as graph and polynomial graph filters as convolution operation. Covariance matrices and
principal component analysis (PCA) form the two cornerstones of non-parametric analyses in real
world applications that have spatially distributed, multi-variate data acquisition protocols, including
neuroimaging [[19], computer vision [55, 56]], weather modeling [57], traffic flow analysis [58]], and
cloud computing [59]].

Explainability in GNNs. We refer the reader to [32] [60] for a detailed review on explainability
in GNNs. Here, we adopt the taxonomy from [32], which categorizes the recent efforts to add
explainability to GNN models into two categories: instance-level methods and model-level methods
for explainability. Instance-level methods for explainability are extensions of the standard model-
agnostic methods for wider categories of deep learning models to GNNs, and aim to identify features
most important to the inference outcome. Examples of techniques used to determine the importance
of features include gradient-based methods [[61]], perturbation-based methods [62], and surrogate
methods [63]]. Such methods are, in principle, input-dependent as they provide explanations based
on the given instance of the dataset. The robustness of the conclusions drawn from such methods to
perturbations in the input and variations in the model training algorithms is an active area of research.

Model-level explainability has previously been studied in terms of graph topology in [64]. Further,
importance of subgraphs to inference outcomes using Shapley values was studied in [65]. Since
graph topology informs convolution operations in GNNss, it can provide a more generic explanation
to GNNss than those that focus on individual features (such as nodes or edges of the graph). Since
the convolution operation in VNNs is equivalent to manipulating the input data according to the
eigenvectors of the covariance matrix [31], the eigenvectors of the covariance matrix are instrumental
to explaining the inference by VNNs. Hence, we argue that VNNs can offer model-level explainability,
similar in spirit as discussed in [32]], where the explainability hinges on the eigenvectors of the
covariance matrix.

Interpretable brain age prediction. Limited focus has been on comparable studies that associate
brain age gaps with regional profiles [20, |66]. The study in [20] adopts a convolutional neural
network approach to infer brain age from MRI images directly and assigns importance to brain
regions in evaluating the brain age. In principle, the interpretability offered by VNN in the context
of brain age is similar, as we infer a regional profile for A-Age by isolating the brain regions that are
contributors to the elevated A-Age in neurodegeneration. In addition, the regional profile identified
by VNN is correlated with specific eigenvectors or the principal components of the anatomical
covariance matrix. Hence, the A-Age inferred by our framework is driven by the ability of a VNN to
manipulate the input data according to certain principal components of the anatomical covariance
matrix. Also, VNN are significantly less complex deep learning models as compared to those studied
in [20]. Our results demonstrate that the VNN trained with less than 300 learnable parameters
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exhibit regional interpretability in the context of brain age in AD. In general, the regional expressivity
offered by VNN is in stark contrast to a multitude of existing relevant studies that rely on less
transparent statistical approaches and further use post-hoc analyses (such as ablation analysis [67H69]]
or exploring correlations with region-specific markers [25] and psychiatric symptoms [47, [70]) to
assign interpretability to a scalar, elevated A-Age effect.

C Discussion

Our study has proposed a methodologically transparent framework for brain age prediction using
VNNSs. In contrast to existing studies that primarily focus on the performance of the model in
predicting the chronological age of a healthy population, we have focused on the properties that
VNNSs gained when trained for this task. In particular, the VNNs achieve learning by transforming
the input data according to the principal components or the eigenvectors of the covariance matrix
estimated from the data. Hence, training the VNNs to predict chronological age using cortical
thickness features from a healthy population had enabled them to exploit the eigenvectors of the
anatomical covariance matrix in a specific manner. Further, the anatomical interpretability associated
with elevated A-Age in Alzheimer’s disease was derived by the statistical analyses of the features
extracted at the final layer of the VNNs and projecting the results of these analyses on the brain
surface. Thus, the anatomical interpretability offered by VNN is an inherent feature of VNNs
and fundamentally distinct from the state-of-the-art model agnostic explainability approaches in the
context of brain age (such as SHAP, LIME, saliency maps etc., that provide importance weights to
individual input features).

The lack of explainability in the machine learning models deployed in brain age prediction frameworks
may be a fundamental reason behind exclusive focus on the performance-driven approaches in this
domain thus far. VNNs are inherently explainable models, as their inference outcomes can be tied
with the eigenvectors of the covariance matrix. Hence, the anatomical interpretability offered by
VNNs to A-Age could be explained by their ability to exploit specific eigenvectors of the anatomical
covariance matrix. This observation is highly relevant, as the quality of prediction on the chronological
prediction for healthy population by itself may not be a complete determinant of the quality of brain
age prediction in neurodegeneration. Furthermore, the role of the age-bias correction step in the
VNN-based brain age prediction framework was restricted to projecting the VNN outputs onto a
space where one could infer accelerated biological aging with respect to the chronological age from a
layman’s perspective.

By associating A-Age with a regional profile, VNNs also provide a feasible tool to distinguish
pathologies if the distributions of A-Age for them are overlapping. A larger focus is needed on
principled statistical approaches for brain age prediction that can capture the factors that lead to accel-
erated aging. Locally interpretable and theoretically grounded deep learning models such as VNNs
can provide a feasible, promising future direction to build statistically and conceptually legitimate
brain age prediction models in broader contexts. Incorporating other modalities of neuroimaging or
alternative metrics of aging other than chronological age (such as DNA methylation [[71]]) provide
promising future directions that can help improve our understanding of aging.

Limitations. Existing studies, including this paper, fall short at concretely defining the notion
of optimal brain age. From a broader perspective, quantifying biological age even for a healthy
population is a complex task due to various factors that can contribute to accelerated aging in the
absence of an adverse health condition [72-74]]. Moreover, the impacts of the quality of MRI scans
and brain atlases across datasets on A-Age must also be explored.

Our analysis was limited to older individuals, and a dataset with more diverse age groups is expected
to provide holistic information on brain age. Isolation of brain regions contributing more to A-Age
in AD than HC hinges on a binary group comparison. Such a comparison can be impacted by the
composition of the dataset (for instance, a skewed dataset may not provide informative results).

Societal Concerns. We are grateful to the reviewers for suggesting the potential societal concerns that
may arise due to brain age prediction algorithms in practice. These societal concerns are discussed
next. While the adoption of brain age prediction algorithms in clinic can lead to better decision-
making, it is also worth considering that inaccurate prediction of a brain age gap (given implications
for neurodegenerative diseases) could potentially lead to unintended consequences (such as over-
medication in the case where the brain age gap is over-estimated, as just one example). Furthermore,
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any framework for predicting brain age in an anatomically interpretable manner could be abused in
potentially unethical or dubious ways for commercial or sociopolitical reasons. For instance, using
such predictions to curb immigration and asylum or increasing health insurance premiums can be
two such examples.

D An Abstract Overview of VNN-based Brain Age Prediction

Figure @] provides an abstract overview of the general procedure of evaluating brain age using machine
learning (ML) models. From Fig.[4] we note that if the ML model is a black box, it may be infeasible
to capture the contributors to elevated age-gap in Step 3. Furthermore, in this context, it is also
unclear whether age-bias correction step (Step 2) influences final A-Age prediction through some
statistical artifact [23]]. Hence, it can be desirable to minimize the role of age-bias correction in
A-Age evaluation by selecting an ML model that achieves a near perfect fit on chronological age of
healthy controls in Step 1. However, there is no guarantee that achieving an ‘perfect fit’ on true age of
healthy controls will enable the ML model to capture the impact of neurodegeneration in individuals
with neurodegeneration.

Step 1. Train ML model to predict chronological age for healthy controls

perfect fit
T line
Data from
healthy controls

ML model trained to
predict chronological
age in healthy
controls.

Least squares line
obtained on outputs of
ML model

predicted age

True age

Step 2. Linear regression-based age-bias correct for outputs of ML model

Age-bias
correction

Step 3. Obtain Age-gap for a population of healthy controls and individuals with neurodegenerative condition.

Neurodegenerative
Condition

. Age Gap =
Data from Age-bias ) -
— , — .
all cohorts correction Bias-corrected ML model Age-Gap
output — True age

Figure 4: A general overview of brain age evaluation using machine learning algorithms in
the existing literature. Step 1 consists of training a machine learning (ML) model to predict
chronological age (true age) for healthy controls. If the correlation between predicted age and true
age is smaller than 1, an age-bias exists in ML model outputs as the age for older individuals tends
to be under-estimated and that for younger individuals tends to be over-estimated. To correct for
this bias, a linear regression based model is applied on the ML model outputs in Step 2. Under
the hypothesis that ML model can capture accelerated aging in neurodegeneration, it is expected
that A-Age for individuals with neurodegeneration will be significantly higher than those of healthy
controls (Step 3).

= Healthy =

VNNs allow us to analyze the contribution of each feature (brain region) to the final output. Hence,
by analyzing the elevations in contributions of different brain regions via studying group differences
in regional residuals, we are able to characterize the brain regions that contribute to accelerated aging
(or larger A-Age) in individuals with neurodegeneration (Fig. [5). Thus, we can verify that VNNs
captured neurodegeneration-driven effects that eventually led to elevated A-Age for an individual. Our
experiments show that VNN do not obtain a perfect fit on chronological age of healthy individuals.
Hence, age-bias correction is important to appropriately project the VNN model outputs via a linear
model into an appropriate space such that a clinician can observe an elevated A-Age effect in
individuals with neurodegenerative condition (AD in this paper). Based on these observations, we
remark that VNN provide an interpretable framework for brain age prediction.
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Data from Age-bias
all cohorts : correction

m Healthy m

Neurodegenerative
Condition

Age-Gap =
Bias-corrected VNN Age-Gap
output — True age

Neurodegenerative
Condition

m Healthy =

regional
residual

"

in the outputs at final layer of VNN

| g U —

Contributors to elevated brain age
gap in neurodegeneration

Figure 5: Interpretability offered by VNNs in brain age prediction. By analyzing the final layer
outputs of VNNSs, we can isolate brain regions that have larger regional residuals for individuals
with AD with respect to healthy controls. Furthermore, the elevated regional residuals in these brain
regions eventually contribute to elevated A-Age after age-bias correction.
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E VNN Architecture
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L Layer 3
x3 = &(x; C, H)

3-Layer VNN

Figure 6: Basics of VNN architecture. Panel a illustrates that the coVariance filter H(C) is a
polynomial in C and its application on input x. Panel b shows the construction of a coVariance
perceptron based on coVariance filter H(C) and pointwise nonlinearity . coVariance perceptron
specifies one layer of VNN. Panel ¢ shows a basic multi-layer VNN architecture formed by stacking
three coVariance perceptrons.
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F VNN training

We randomly split the HC group into an approximately 90/10 train/test split. Thus, the test set
consisted of 61 healthy individuals. The sample covariance matrix was evaluated using all samples
in the training set (n = 550). Furthermore, this covariance matrix was normalized such that its
maximum eigenvalue was 1. Cortical thickness data was z-score normalized across the training set
and this normalization was applied to the test set. Next, the training set was randomly split internally,
such that, the VNN was trained with respect to the mean squared error loss between the predicted age
and the true age in n = 489 samples of the HC group. The loss was optimized using batch stochastic
gradient descent with Adam optimizer available in PyTorch library [75] for up to 100 epochs. The
batch size was 78 (determined via ‘optuna’ package [44]). The VNN model with the best minimum
mean squared error performance on the remaining 61 samples in the training set (which acted as
a validation set) was included in the set of nominal models for this permutation of the training set.
For each dataset, we trained and validated the VNN models over 100 permutations of the complete
training set of n = 550 samples for the HC group, thus, leading to 100 trained VNN models (also
referred to as nominal models) per dataset.

G VNN regression model outputs for HC group in OASIS-3 are correlated
with the first eigenvector of anatomical covariance matrix

The study in [31] suggests that VNN based statistical inference draws conceptual similarities with
PCA-driven analysis. Hence, we further investigated whether the regression performance achieved by
VNN in predicting the chronological age of HC group could be characterized by contributions of the
eigenvectors of the anatomical covariance matrix. To avoid any selection bias, we report the results
on the complete HC group, where the cortical thickness features were z-score normalized across the
group such that the mean of cortical thickness for a brain region across the HC group was 0. Here,
the notation Cy denotes the anatomical covariance matrix derived from the complete HC group.

Recall that the final regression output by VNN is formed by an unweighted average function as a
readout function. Thus, we can equivalently represent the functionality of the readout as a simple
aggregation of the contributions of different features or brain regions to the final estimate formed by
the VNN (see (5)). Hence, for every individual, we evaluated the mean of the inner products (also
equivalently referred to as dot product between vectors) between the vectors of contributions of every
brain region with the eigenvector of the covariance matrix Cy for all 100 VNN models. Note that a
vector of regional contributions was of the same length as the number of cortical thickness features
(i.e., 148 for OASIS-3) and therefore, each element of this vector was associated with a distinct brain
region. We use the notation pyc to represent the population of vectors obtained from the HC group.
To evaluate the inner product, we used prc, which was obtained from pyc after normalization (norm
= 1). We denote the population of inner products across the HC group in OASIS-3 by | < puc, v; > |
for an eigenvector v; of Cy. Note that since all vectors in pyc were normalized to have norm 1 and
the eigenvectors of Cy were of length 1 by default, | < pyc, v; > | represented the population of
the cosine of the angles between the vectors in pyc and eigenvectors v; of Cy across the HC group
in OASIS-3. Figure[/h plots the mean of the inner products observed across the HC group for the
first 30 eigenvectors of Cy for all 100 VNNs. Figure [7b illustrates the projection of vy on a brain
template.
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Inner product between outputs puc from final layers of VNNs
trained on OASIS-3 and eigenvectors of Cy

~i
i
-l
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Eigenvector number, i
First eigenvector of Cy
Vi
-0.12 -0.10 -0.08 —0.06 -0.04 -0.02 0.00

Figure 7: Inner product between the normalized vector of regional contributions to the VNN
outputs (pyc) and eigenvectors of Cyy (anatomical covariance matrix for HC group in OASIS-3).
Panel a illustrates a bar plot for | <puc, v; > | fori € {1,...,30}, where v; is the i-th eigenvector
(principal component) of covariance matrix Cy and associated with i-largest eigenvalue in terms of
magnitude and the vectors of regional contributions, pyc were obtained by VNNs that were trained
on OASIS-3 dataset. The inner product results for eigenvectors with coefficient of variation greater
than 30% across the HC group of OASIS-3 were excluded (and hence, their respective entries set as
0). For every individual in HC group, the associations between their corresponding vector of regional
contributions, pyc and eigenvectors of Cy were evaluated over 100 nominal VNN models. The first
eigenvector (v1) had the largest association. The eigenvector v; is plotted on a brain template in
Panel b.
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Figure 8: Results depicting the brain regions with significantly elevated regional residuals for AD+
group with respect to HC group in OASIS-3. The results here were derived by a VNN model that
was trained as a regression model to predict chronological age from cortical thickness data for HC
group in OASIS-3. Box plots depicting the distributions of regional residuals in the HC and AD+
groups are shown for a few representative regions.

H Illustration of regional residual analysis from VNN model outputs

In this section, we demonstrate the regional analysis described in Section [3.2] for a VNN model
that was trained to predict chronological age for HC group in OASIS-3 dataset. All mathematical
notations referred to in this section are borrowed from Section[3.2] Note that no further training was
performed for this VNN model to evaluate brain age or regional residuals.

The covariance matrix in this VNN model was replaced with Cya derived from the cortical thickness
features from both HC and AD+ groups. Further, the cortical thickness features in the HC group were
z-score normalized and this normalization was used to transform the cortical thickness features of the
AD group.

The age prediction §; and a vector of residuals r; were obtained for an individual ¢ € {1,...,805} in
the dataset. The size of residual vector r; was 148 x 1 and hence, each element of r; corresponded to
a distinct brain region as defined by the DKT brain atlas with 148 parcellations. By evaluating the
vector of residuals r; for every individual in the combined dataset, a population of residual vectors
from HC group (referred to as ryc) and AD+ group (referred to as rap+) was constructed. The
elements of these residual vectors are referred to as regional residuals throughout the paper.

Each dimension of these residual vectors was investigated for group differences between HC and
AD+ groups via ANOVA as described in Section[3.2] Thus, for every VNN model, we eventually
performed m = 148 number of ANOVA tests and evaluated the brain regions for significance in
group differences in their respective residuals. The significance of group differences between the
distributions of regional residuals for HC and AD+ groups corresponding to a brain region was
determined after correcting the p-values of ANOVA test for multiple comparisons via Bonferroni cor-
rection (Bonferroni corrected p-value < 0.05). The group differences were additionally investigated
for significance at an uncorrected level using ANCOVA with age and sex as covariates.

Figure [8] illustrates the results obtained via ANOVA in this context. The brain regions deemed
significant according to the criteria provided in Section [3.2] have been shaded. The box plots for
various brain regions show that the regional residuals were significantly elevated in AD+ group
as compared to HC. The regional residuals that lead to the results in Fig. [§] are provided in the
supplementary material (model ID 50) as part of the regional residuals extracted from all 100 VNN
models that were trained on HC group in OASIS-3.

We had 100 trained VNN models for the OASIS-3 dataset and performed similar analyses for each of
them. Further, we counted the number of models for which the above described analysis yielded a
brain region to be significant. A brain region with robust group difference in its regional residual
distribution in HC vs AD+ was expected to be more frequently labeled as significant by the VNN
models. The results of this robustness analyses on the OASIS-3 dataset are shown in Fig. [Zh.
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I Cross-validation on ADNI-1 dataset

In this section, we provide results on the standardized 3.0 T ADNI1 dataset (see [34] for details),
consisting of 47 controls (age = 75.06 4= 3.93 years, 29 females), 71 individuals with mild cognitive
impairment (age = 74.03 £ 8.12 years, 26 females), and 33 individuals with dementia (age =
75.08 £ 8.07 years, 22 females) from the from the wider ADNI database. We chose this standardized
dataset in the spirit of reproducibility and to avoid selection bias. The individuals with mild cognitive
impairment and dementia diagnosis were combined to form the AD+ cohort, equivalent to that of the
AD+ cohort for OASIS-3.

Data used from ADNI database were obtained from the Alzheimer’s Disease Neuroimaging Initiative
(ADNI) database. The ADNI was launched in 2003 as a public-private partnership, led by Principal
Investigator Michael W. Weiner, MD. The primary goal of ADNI has been to test whether serial
magnetic resonance imaging (MRI), positron emission tomography (PET), other biological markers,
and clinical and neuropsychological assessment can be combined to measure the progression of mild
cognitive impairment (MCI) and early Alzheimer’s disease (AD). For up-to-date information, see
www.adni-info.org.

Data processing. The MRI images for the 3.0T standardized ADNI-1 dataset at the baseline visit
were downloaded from https://adni.loni.usc.edu/. Cortical thickness features (curated according to
DKT atlas) were derived using the open-access CAT12 pipeline [[76] using their default options. We
refer the reader to https://neuro-jena.github.io/cat12-help/ for detailed processing steps. All outputs
were quality checked visually for errors in grey matter segmentation.

Cross-validation. The results in Fig. [0 were obtained from the models that were trained on OASIS-3
dataset. Here, the anatomical covariance matrix was estimated using cortical thickness measures
from all individuals in ADNI1 dataset. The observations on ADNI1 were highly consistent with
those made in the paper. Specifically, in ADNI1 dataset, brain age gap was significantly higher
for individuals with dementia as compared to healthy controls, with MCI in between them. Also,
the subcallosal, entorhinal, temporal pole, and superior temporal regions were cross-validated on
this dataset as being contributors to elevated A-Age in the combined cohort of dementia and MCI
(equivalent to AD+ group from OASIS-3) with respect to the HC group.

- ADNIL (DKT atlas)
20/ z
© 0 ' _ HC vs AD+MCI
A @ ™
: (@*
HC ' e—

< 5
AD
Figure 9: (a) Distribution of A-Age across HC, MCI, Dementia cohorts derived from VNN models
trained on OASIS-3. Anatomical covariance matrix from ADNI-1 dataset was used in the VNNss.
A-Age for controls: 0 & 3.92 years, A-Age for MCI 3 + 5.74 years, A-Age for AD: 4.49 + 5.34
years. (b) Across 100 VNNs that had been trained on OASIS-3 dataset, we evaluated the number
of times the regional residual mean was smaller for HC group than the AD+MCI group in ADNI-1
dataset.
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J Additional details on brain age prediction in OASIS-3

In this section, we provide additional figures and discussions pertaining to the results for interpretable
brain age prediction in Fig. 2} Figure[I0]displays the distributions of chronological age for AD+ and
HC groups in OASIS-3 dataset.
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Figure 10: Distribution of chronological age in AD+ and HC groups.
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Figure 11: Results of group differences in cortical thickness between AD+ and HC groups. Regions
with significant differences (two-sided t-test, Bonferroni corrected p-value < 0.05) are identified and
the corresponding t-statistics are projected on a brain template. Negative ¢-statistic for a brain region
suggests that the AD+ group had significant cortical atrophy in that region as compared to HC group.

Since VNNs were trained for the regression task, a VNN processed cortical thickness data and
provided an estimate for the chronological age for each individual. Since we trained 100 VNN models
on different permutations of the training set in OASIS-3, we use the mean of all VNN estimates as
the VNN prediction for an individual. This VNN prediction is further leveraged to form brain age
estimates and A-Age metrics. Figure displays the plot for VNN predictions versus chronological
age (ground truth) for the complete HC group. The Pearson’s correlation between VNN prediction
and chronological age (ground truth) for HC group was 0.486, which was similar to that reported in
Section .1} VNN outputs clearly under-estimated the chronological age for older individuals and
over-estimated the chronological age for individuals on the younger end of the age distribution for
HC group.

Figure [I2p displays the plot for VNN predictions versus chronological age (ground truth) for the
complete AD+ group. The Pearson’s correlation between VNN prediction and chronological age
(ground truth) for AD+ group was 0.28. We further note that the VNN architecture and our analysis
of regional residuals helped quantify the contribution of each brain region to a data point in Fig.[I2h
and Fig.[TZb. Hence, the scatter plot in Fig.[I2b could be affected by larger contributions of certain
brain regions for AD+ group relative to the HC group.

Figure T2k illustrates the box plots of residuals evaluated by the difference between VNN predictions
and chronological age for HC and AD+ groups. Figure [I2k suggests that the chronological age
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for AD+ group was underestimated as compared to that for HC group. This observation was also
expected since AD+ group is significantly older than the HC group. However, we expect that the
robust elevated regional residuals from brain regions in Fig. Zb mitigated the under-estimation effect
due to higher age of AD+ group to some extent.

Figures[T2d-f display the results after age-bias correction is applied to the VNN outputs. As expected,
the brain age for HC group in Fig. [T24d is largely concentrated around the line of equality (z = y line).
In contrast, the brain age for AD+ group in Fig.[I2 is concentrated above the line of equality. These
effects manifest into the box plots for A-Age in Fig.[T2f where we observe the AD+ group to have
elevated A-Age as compared to HC group.

VNN architecture facilitated isolation of the effects of accelerated aging before age-bias correction
was applied. Hence, the transformation of VNN outputs to brain age from Fig.[T2h-c to Fig.[I2Jd-f was
not surprising. However, such insights may be infeasible for machine learning approaches that lack
transparency and hence, the impact of deviations due to neurodegeneration from the healthy control
population cannot be interpreted or isolated. In this context, if the learning model was a black box,
Fig.[T2h-c may appear to be counter-intuitive to the goal of detecting accelerated aging in the AD+
group and the effect of age-bias correction can be unclear, thus, leading to several criticisms [23].

p = 0.486 (p-value = 1.57 x 10737) p =0.28 (p-value = 7.2 x 107°)
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Figure 12: Supplementary figures to Fig.[2} Panel a displays the plot of VNN prediction versus
chronological age for HC group. VNN predictions were obtained as the average of the outputs of 100
nominal VNNs that were trained on OASIS-3 and operated on the anatomical covariance matrix Cya.
Panel b displays the results similar to that in panel a for the AD+ group. The solid line in panels a
and b is the least squares line. Panel ¢ includes the boxplots for residuals derived from the difference
between VNN predictions and chronological age for HC and AD+ groups. Panel d and e display the
plots for brain age versus chronological age for HC and AD+ groups, respectively. The solid line in
panels d and e is the identity line. Panel f displays the box plots for A-Age in HC and AD+ groups.
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K Adaptive readouts may penalize the interpretability of regional residuals
and A-Age

Thus far, we have focused on VNNSs that operate with a non-adaptive readout (unweighted average)
function. However, it is expected that the performance of the VNNs on their original task of
chronological age prediction could be improved significantly with the help of an adaptive readout
function. Our experiments showed that this was indeed the case. If a single-layer fully connected
perceptron consisting of 10 neurons was added to the VNNs with the same architecture as the ones
that were trained on OASIS-3 dataset, we could improve the performance on the chronological
prediction task. For 100 VNNs with adaptive readout that were trained on random permutations of
the training data, the median MAE for the HC group was 4.64 years, which was significantly smaller
than the MAE achieved by VNNs with non-adaptive readouts (Section[d.I). Among the 100 VNN
models with adaptive readouts, we analyzed the regional residuals for one VNN model with adaptive
readout that had the best performance on chronological age prediction in HC group (test set: MAE =
4.17 years, Pearson’s correlation between prediction and ground truth = 0.73; complete HC group:
MAE = 4.26 years, Pearson’s correlation between prediction and ground truth = 0.725). Our regional
residuals revealed no significant difference between the regional residuals for AD+ group and HC
group. This observation suggested that VNN lost its interpretability due to the addition of adaptive
readout function. Moreover, we also observed a diminished gap between A-Age for AD+ and HC
groups determined using this VNN model (A-Age for AD group: 1.58 + 4.67 years, A-Age for HC
group: 0 £ 3.45 years, Cohen’s d = 0.384). The findings discussed here suggest that boosting the
performance on chronological age prediction task by using an adaptive readout function may penalize
the interpretability offered by VNNs with non-adaptive readouts and also diminish the A-Age gap
between AD+ and HC groups.

L Results for randomly initialized VNNs
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Figure 13: The results here were derived by VNN models that were randomly initialized and had the
same architecture as those in Section 3.1.
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M Regional profiles corresponding to elevated regional residuals in AD+
group are stable to the composition of data used to estimate anatomical
covariance matrix Cya

Recall that A-Age and associated regional profiles were evaluated using VNN that operated upon a
composite anatomical covariance matrix Cya. We next checked whether the results derived from
VNNs relevant to A-Age were stable to the changes in composition of the combined HC and AD+
groups used to estimate the anatomical covariance matrix. Note that the bilateral parahippocampal,
entorhinal, subcallosal, and temporal pole regions are expected to be among the most relevant to
A-Age in AD based on the results in Fig.

We performed two sets of experiments. In the first set, we included the whole HC group and gradually
varied the number of individuals from the AD+ group to be included to form the estimate Cya.
Figure [[4h includes the results obtained from a randomly selected VNN model corresponding to the
anatomical covariance matrix formed by different combinations of the individuals from HC and AD+
groups. The results in Fig. [I4p display the brain regions whose regional residuals from AD+ group
were higher than that in the HC group (Bonferroni corrected p-value < 0.05). The result obtained by
the VNN when it used Cya estimated from all 611 HC individuals and 194 AD+ individuals forms
the baseline to evaluate stability in this context. When the covariance matrix Cpya was perturbed
by using a smaller number of individuals from the AD+ group to estimate it, we observed that the
significance of the relevant brain regions (parahippocampal, subcallosal and temporal pole) were
preserved till exclusion of about 144 AD+ individuals from the estimate Cya. Hence, the significant
differences observed in the regional residuals for AD+ and HC groups in the aforementioned regions
were robust to perturbations in Cnya due to variability in the number of individuals from the AD+

group.

Figure [[4p illustrates the results obtained for a similar experiment as above, with the difference that
the regional residuals were evaluated for the VNN when the anatomical covariance matrix Cya was
perturbed by reducing the number of individuals from the HC group used to estimate it. Using the
result obtained for Cya estimated from 611 HC individuals and 194 AD+ individuals in Fig. as
the baseline, the results pertaining to ANOVA between regional residuals for AD+ and HC groups
(with AD+ elevated as compared to HC) remained consistent as long as 100 or more individuals from
HC group were included in forming Cpa. With less than 100 number of HC individuals included in
Cha, the results became noticeably less significant in precuneus and supramarginal regions in the
left hemisphere.

In summary, the group differences observed between the regional residuals for AD+ and HC groups
in OASIS-3 dataset were robust to perturbations in the covariance matrix Cya when it was perturbed
from the baseline by using a different combination of HC and AD+ individuals to estimate it. However,
we also remark that (nearly) complete exclusion of HC or AD+ groups from Cyp resulted in loss
of significance of the elevation in regional residuals in AD+ for various regions, including bilateral
parahippocampal and temporal pole regions, and precuneus and supramarginal regions in the left
hemisphere. Thus, both HC and AD+ groups were relevant to the anatomical covariance matrix Cpya
that resulted in regional profiles in Fig. [2h, and they were robust to the combination of individuals
from HC and AD+ used to estimate Cya.
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Figure 14: Stability to perturbations in the anatomical covariance matrix for group differences
between AD+ and HC groups observed in regional residuals. For a VNN model that was trained
to predict chronological age for HC group in OASIS-3 dataset, the regional residuals were first
determined using the anatomical covariance matrix Cpa formed by the cortical thickness data of
complete OASIS-3 dataset (i.e., 611 HC individuals and 194 individuals in the AD+ group. The
group differences in regional residuals between AD+ and HC group were investigated according to
the procedure in subsection[3.2] In the procedure described therein, we evaluated the F-values for the
ANOVA test between regional residuals for AD+ group and HC group. The brain regions associated
with the regional residuals that were significantly elevated in AD+ group with respect to HC group
are highlighted on the brain template. The stability of the group differences to perturbations in Cyp
was further investigated by varying the composition of cortical thickness data from AD+ and HC
groups used to estimate Cya. Figures in the top row display the results obtained via analysis of
regional residuals by VNNs that processes the cortical thickness data from the complete OASIS-3
dataset over the anatomical covariance matrix Cya estimated from 611 HC individuals and a varying
number of individuals from the AD+group. Figures in the bottom row illustrate the results of similar
experiments, with the difference that the anatomical covariance matrix Cya was estimated using all
194 individuals in the AD+ group and varying number of individuals from the HC group. The results
corresponding to Cpa that was estimated using 194 AD+ individuals and 611 HC individuals formed
the baseline for comparison for all scenarios.
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N A-Age evaluation with anatomical covariance matrix from HC group

Using the anatomical covariance matrix derived only from the HC group (denoted by Cp) resulted in
observations that were consistent with Fig. 2] with a slightly diminished difference in A-Age between
HC and AD+ groups. Specifically, A-Age for AD+ group in this setting was 3.41 +4.57 years, which
was significantly larger than that for the HC group (ANOVA: partial n? = 0.141, Cohen’s d = 0.88).
The correlation between A-Age and CDR sum of boxes scores in the AD+ group was 0.464. Thus,
when the anatomical covariance matrix derived solely from the HC group was utilized in our brain
age prediction framework, the magnitude of A-Age and its utility as a marker of dementia severity
was slightly diminished as compared to the results in Fig. 2]

Figure [T3h displays the regional profile associated with A-Age derived from VNNs with Cy as
the anatomical covariance matrix. Comparison with Fig. [Za reveals that the robustness of regional
residuals being elevated in the AD+ group in subcallosal and temporal regions was preserved, but
that in bilateral entorhinal and parahippocampal regions was diminished in this scenario. Figure [T5b
displays the distributions for A-Age in AD+ and HC groups.

The variation in the regional residuals associated with entorhinal and parahippocampal regions in
Fig.[I5h and Fig. Zh could be explained by investigating the eigenvectors of Cy. Specifically, Fig.[T6h
displays the associations between regional residuals for the AD+ group and the first 50 eigenvectors
of Cy, where we observed that the third, second, and first eigenvectors of Cy had the top three largest
associations. Figure[I6p plots the projections of the first three eigenvectors of Cy on a brain template.
Note that the eigenvectors v3 and vo have the largest weights associated with the subcallosal region
in the right hemisphere, which is consistent with the relevant eigenvectors of Cyp in Fig. @ However,
unlike the eigenvectors of Cy in Fig.[I6), the eigenvectors of Cna in Fig.[3p are also characterized by
comparatively larger weights in the entorhinal and parahippocampal regions. Since parapippocampal
and entorhinal regions are well known to be associated with disease onset and cortical atrophy [77],
the anatomical covariance matrix Cpya may provide a more holistic perspective to A-Age in AD.
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Figure 15: A-Age results for anatomical covariance matrix from only HC group (Cy). Panel a
projects the robustness of observing a significantly higher regional residual for AD+ group with
respect to HC group for a brain region on the template. Panel b plots the A-Age distributions for
AD+ and HC groups derived from VNNs with Cy as the covariance matrix.
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Figure 16: Panel a illustrates a bar plot for | < Tap4,v; > | fori € {1,...,30}, where v; is the
i-th eigenvector of covariance matrix Cy associated with its i-largest eigenvalue. The bars are
evaluated from the mean of | <Tap4, v; > | obtained for individuals in the AD+ group (results for
eigenvectors associated with coefficient of variation of | <Tap, v; > | larger than 30% excluded).
For every individual in AD+ group, the association of its regional residuals with eigenvectors of Cy
were evaluated over 100 nominal VNN models (trained on the OASIS-3 dataset). The eigenvectors
associated with top three largest values for | < Tapi,v; > | are plotted on the brain template in
Panel b. Subcallosal region in the right hemisphere was associated with the element with the largest
magnitude in v4 and v3 and is highlighted with a red circle in the corresponding plots.
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