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1 | INTRODUCTION

| Jian Kang®

Abstract

Multimodality or multiconstruct data arise increasingly in functional neu-
roimaging studies to characterize brain activity under different cognitive states.
Relying on those high-resolution imaging collections, it is of great interest to
identify predictive imaging markers and intermodality interactions with respect
to behavior outcomes. Currently, most of the existing variable selection models
do not consider predictive effects from interactions, and the desired higher-order
terms can only be included in the predictive mechanism following a two-step
procedure, suffering from potential misspecification. In this paper, we propose a
unified Bayesian prior model to simultaneously identify main effect features and
intermodality interactions within the same inference platform in the presence of
high-dimensional data. To accommodate the brain topological information and
correlation between modalities, our prior is designed by compiling the intermedi-
ate selection status of sequential partitions in light of the data structure and brain
anatomical architecture, so that we can improve posterior inference and enhance
biological plausibility. Through extensive simulations, we show the superiority
of our approach in main and interaction effects selection, and prediction under
multimodality data. Applying the method to the Adolescent Brain Cognitive
Development (ABCD) study, we characterize the brain functional underpinnings

with respect to general cognitive ability under different memory load conditions.
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ments as well as understanding how intertask interaction
effects play a role in the mechanism will improve people’s

Functional brain imaging techniques, which measure an
aspect of brain activity, have yielded explosive growth in
recent decades to characterize neural basis of disease or
behavior. Among all, functional magnetic resonance imag-
ing (fMRI) is the dominant whole brain mapping tool, and
it gradually becomes common to collect multiple fMRI
runs from different cognitive tasks on a single individual.
Uncovering brain underpinnings associated with the clin-
ical outcome under these multimodal imaging measure-

understanding of the associated neurological etiology and
guide potential intervention targets.

Our work is motivated by the recent Adolescent Brain
Cognitive Development (ABCD) study with an overall goal
to investigate brain development from childhood through
adolescence (Casey et al., 2018). For each participant, mul-
tiple task-based fMRI scans were obtained to measure
brain activity under a range of functional domains, and we
are particularly interested in the memory-related n-back
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tasks (Casey et al., 2018). It has been lately shown that
functional brain activation under each of the memory task
conditions is associated with general cognitive ability (Sri-
pada et al., 2020). Our aim here is to characterize brain
functional underpinnings and identify active brain mark-
ers corresponding to general cognitive ability by integrat-
ing high-dimensional imaging traits from different mem-
ory tasks while innovatively considering the interactions
between different memory conditions.

To study the prediction of imaging features on a behav-
ior outcome, scalar-on-image regressions have been devel-
oped under a single imaging modality or construct (Wang
et al., 2017, Kang et al., 2018), though it is always a
concern on how the spatial correlation among imaging
markers can be accommodated. Recently, with the emer-
gence of big complex data, a considerable amount of
efforts have been placed on selecting variables incorporat-
ing structural information—the so-called “structural spar-
sity” which assumes data structure impacts the pattern of
risk features. By extending canonical regularized regres-
sions, sparse group lasso (Simon et al., 2013) and its varia-
tions with more complex within-group correlation (Dana-
her et al., 2014; Zhao et al., 2016) have been developed
to select grouped variables with selection smoothed over
the prior structure. From a Bayesian perspective, variable
selection under group structure has also been investigated
with an extra benefit of uncertainty quantification. For
instance, by introducing both group level and individual
level selection indicators, Chen et al. (2016) and Zhao et al.
(2019) extend stochastic search variable selection (SSVS)
to achieve sparse group selection under a nested two-level
indicator set. Rockova and Lesaffre (2014) and Zhang et al.
(2014) adopt similar ideas but impose one or both levels
of selection with a shrinkage prior. Despite the success
of these methods, they are more suitable to accommo-
date grouped features. Simply assembling voxels into the
regions of interest (ROIs) may omit the structural details
over brain topology within the individual ROIs.

Under multiconstruct cognitive states, the interaction
among information domains on their association to a
behavior outcome offers another potential to contribute
to the predictive mechanism. Recent works have started
to explore the nonlinear impact of single imaging modal-
ity on behavior (Mastrovito, 2013), but the interaction
effects among collections from different tasks have not yet
been studied. From an analytical perspective, joint mod-
eling high-dimensional features and pairwise interaction
effects is a nontrivial task due to an inflation of feature
space. Under a heredity assumption which requires the
inclusion of both main effects if their interaction effect is
included in the model (Chipman, 1996), two-step method
is dominantly used for model fitting by first identifying
main effects and then refitting the model with both main

effects and their interaction effects (Hao et al., 2018; Wang
et al., 2019). Under Bayesian paradigms, recent works have
placed main and interaction terms in one inference system
via hierarchical shrinkage priors (Griffin and Brown, 2017).
Due to the nonsparse nature, the heredity assumption has
to be relaxed.

In this paper, we develop an innovative Bayesian selec-
tion prior to efficiently identify risk features and inter-
action effects from high-dimensional, topologically struc-
tured imaging markers collected from multiple modali-
ties. Specifically, we construct nested topological partitions
over the brain, and introduce a unified prior model to adap-
tively search the predictive main effects and intermodal-
ity interaction effects. The group sparsity between adja-
cent levels allows the signal detection to follow a structural
driven path, and the prior dependence between main effect
selection and interaction effect selection naturally guaran-
tees the heredity. Such a multilevel learning idea has been
adopted previously to construct model stages under differ-
ent scales to optimize computational efficiency and refine
model estimation (Kou et al., 2012). Recently, Zhao et al.
(2018) has developed a multiresolution-based Bayesian
variable selection model and showed an improved poste-
rior mixing and feature selection accuracy for ultra-high
dimensional imaging data. One of the limitations of this
method is the resolution parameters are not connected
within a joint inference paradigm, leading to hurdles for
the fine-scale parameters to explore the whole sample
space. In this work, we fully address this issue by inte-
grating parameters from different scales under one prior
model, which ensures the posterior inclusion probability
is nonzero for each unit. Here, we use the word “modal-
ity” to refer to a broader concept of technique, domain or
construct. Though the motivated study considers measure-
ments from different functional domains collected via the
same imaging technology, the analytical framework is gen-
eral to perform data integration on measurements from dif-
ferent imaging techniques.

Our major contributions are several-fold. First, we
remove the linearity constrain among imaging predictors
by including spatially-varying interaction effects over the
whole brain for an enhanced prediction and interpreta-
tion. Rather than resorting to a two-step fashion to select
main and interaction effects with potential misspecifica-
tion, we jointly identify both components under a hered-
ity condition by naturally adjusting the included features
and estimating their contribution to the outcome within
one posterior inference framework. Second, we take into
consideration the complementary information from dif-
ferent fMRI tasks, and integrate multimodal imaging to
strengthen the neuroimaging signals. Third, we develop
a unified Bayesian prior model to achieve a structurally
adaptive selection under high-dimensional, multimodal
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neuroimaging features. The new selection prior model
facilitates a sequential incorporation of brain structural
information as well as intermodal correlation, leading to
an improved model specification and posterior inference.
Overall, the coherence of our modeling framework and
its biological plausibility ensures the unique advantage of
this method over existing ones on applying to scalar-to-
multimodal image problems.

The rest of the paper is organized as follows. We present
the model formulation, proposed prior specification and
posterior algorithm in Section 2. We assess the method and
compare it with existing alternatives by extensive simula-
tions in Section 3, and implement the method to the ABCD
study in Section 4. Finally, we conclude with a discussion
in Section 5.

2 | METHOD

For subject i (i=1,...,n), let y; be a clinical outcome
variable, for example, cognitive assessment. Let x; =
(x]},....x], )T denote the collected M-modal imaging mea-
surements over the whole brain with x;,, referring to the
imaging markers associated with modality m. Without loss
of generality, we assume all the imaging modalities are reg-
istered under the same template space consisting of P vox-
els. Let s; represent a vector of nonimaging covariates with
the first element being one. To model the impact of mul-
timodal imaging traits and their intermodal interaction
effects on a continuous outcome variable, we consider the
following high-dimensional linear regression with main
effects and intermodality interaction effects

M
T T
Yi = Si :60 + Z Ximﬁm
m=1

M
+ Z Z (Ximoxim’)Tﬁ<m,m’> +€;. (1)

m<m’/ m’=1

«_ 9

Here, “o” represents the entrywise product, S,
denotes nonimaging covariate effects including the
intercept  effects, B,, = (B1»->Pmp).  represents
the voxelwise main effect of imaging modality m,
‘3<m,m’> = (ﬁ<m,m’>1’ 7;8<m,m’>P)T captures the coeffi-
cient for the voxelwise interaction effects between modal-
ities m and m’, and residual error term ¢; ~ N(O, 062). We
discuss the case when y; is a categorical variable in the
Web Appendix A.

Model (1) describes a clinically meaningful nonlinear
association between multimodal predictors and a scalar
outcome. In the ABCD application with the goal to inves-
tigate how functional brain activation under different
memory conditions associates with general cognitive abil-

ity (Sripada et al., 2020), we consider three functional
brain activation contrast maps derived from the emo-
tional n-back fMRI data using Statistical parametric map-
ping (SPM) software (Penny et al., 2011) to measure the
low memory load brain activity (0-back vs. baseline),
high memory load brain activity (2-back vs. baseline) and
working memory brain activity (2-back vs. 0-back). It has
been shown that working memory brain activity is closely
related to fluid intelligence but does not fully explain its
variability (Takeuchi et al., 2018). Thus, including interac-
tion effects between brain activities under different mem-
ory load conditions offers a great potential to enhance the
prediction on general cognitive ability.

2.1 | Multimodal imaging feature
selection

Given the total number of imaging predictors in model (1)
exceeds M(M + 1)P/2, sparsity is an inevitable assump-
tion to facilitate proper model fitting. Meanwhile, besides
prediction, it is of great interest to assess the impact of risk
neuroimaging traits and their interaction effects on adoles-
cents’ cognition, which will offer a high potential to char-
acterize the mechanism of brain development at younger
ages and guide downstream clinical interventions.

Yet it is indeed a challenging task to achieve a joint
selection on both multimodal imaging features and their
potential interactions. On the one hand, a commonly used
strategy is to select features in a two-step fashion by first
selecting main effects and then identifying interactions
among selected features, which unavoidably leads to erro-
neous results as these steps are not independent. On the
other hand, there exist correlations among imaging fea-
tures across brain anatomy and between modalities, and
a disregard of such information will sacrifice statistical
power and biological interpretation. To address these hur-
dles by joint selecting both main effects and interaction
effects in light of brain structure, as well as accommo-
dating model fitting and computational difficulty, we now
describe our proposed Bayesian feature selection model
under sequential partitions to enable an efficient stochas-
tic searching, an incorporation of within modal structure,
as well as a natural bridge between the selection of main
effects and interaction effects.

We start by introducing latent selection indicators.
Let 8., €{0,1} indicate the main effect selection of
modality m at voxel p, and S, > p € {0,1} indicate the
interaction effect selection between modalities m and
m' at voxel p. The indicator set within each modality is
represented as &, = (8,1, ..., 9mp)! , and between modal-
ities as 8> = (Scmmi>1s s O<mmr>p). - Let Iy be the
point mass at zero. To impose sparsity, we assign a point
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mass mixture prior for each corresponding regression
coefficient,

[ﬁmp | 5mp] ~(@1- 5mp)IO + ampN(Oy U%),
[6<m,m/>p | 5<m,m’>p] ~ (1 - 5<m,m’>p)IO

+ 5<m,m’>pN(0’ O’%), (2)

under a selection constraint 8, ,/sp < 8pp X 8pyp for
1<m,m' <M, and p =1,...,P. Such a point mass mix-
ture is the canonical Bayesian feature selection prior, and
we will show in the later part the alignment of this prior
specification with our unique selection procedure. Com-
pared with shrinkage priors, the point mass mixture prior
requires a higher computational involvement and may suf-
fer with poor mixing. For instance, to conduct posterior
inference, we could assign 6,,, ~ Bern(py), S<pmm>p ~
Bern(p; 6,8, p) With prior inclusion probabilities py, p;,
noninformative prior B, ~ N(0,0}) with a large o,
residual error variance o2 ~ IG(a,, b.), and hyperpriors
07,05 ~1G(ag, by). A direct posterior computation via
Gibbs sampler will involve O(P3M?) operations. When one
only updates the main effect coefficients 8 = (8], ..., 81,7,
the time complexity reduces to O(PMT?) if using a block
update by chopping § into segments of a size T (Ishwaran
and Rao, 2005). Under moderate to high-dimensional case,
the latter update scheme becomes the only option due
to the computational allocation of large matrices inverse.
However, the computational cost for the block update will
still be tremendous when P X M is large, for example, P ~
50,000, M = 3 in our data application, which is more chal-
lenging as we aim to incorporate both main and interaction
effects within the stochastic searching procedure, while
simultaneously accounting for structural information.

2.2 | A partition nested selection prior

To jointly select both main and interaction effects with
inherent correlation structure under a computational
intractable procedure, we propose a partition nested selec-
tion prior by replacing the sparsity imposing procedure in
Section 2.1 with a sequence of nested sparsity for g that can
be naturally expanded to B, = (:’351,»’ s EM_LM>)T.
One unique advantage of a point mass mixture model is
we can easily intersect the selection status of each main
and corresponding interaction terms by matching the indi-
cator value. First, we adopt the following equivalent prior
representation for (2) as

;Bmp = 5mpamp’ ;3<m,m’>p = 5<m,m’>po‘<m,m’>p’ (3)

where a,,, ~ N(0,07) and a,y, ;> ~ N(0,07) represent
the nonzero main and interaction effects measured at voxel
p. We can further summarize (3) as § = Soa and B,1er =
Sinter %iners With & (8ier) and o (@) Organized by the
index order of 8 (B;,,;er)- The posterior distribution of coef-
ficients B, Biner can be fully captured by those of 8, &;,.,
and «, &;,.r, providing a straightforward representation
for our prior specifications and subsequent posterior infer-
ence. In the following sections, we will first discuss the
selection prior for main effects, and then direct expand it
to a joint interaction selection.

2.2.1 | Nested sparsity on main effects

To induce nested sparsity within 8, we reconstruct § into
a sequence of nested selection indicators for the corre-
sponding intermediate imaging features partitioned from
coarse scales to fine scales. Referring back to the brain
anatomy, selecting a proper way to construct such a parti-
tion could facilitate the incorporation of structural infor-
mation and correlation among different imaging modal-
ities. To achieve so, we first partition over brain loca-
tions. At level k (k =1,...,K —2), we divide the whole
brain voxels {1, 2, ..., P} into L® mutually exclusive voxel
groups summarized by their index sets {ng),...,PS({k))},
where for each [ = 1,..., L**D there exists I € 1,..., L
with Pl(,kH) - Pl(k), that is, each index set of a partition
at level k + 1 is a subset of certain index set of level k.
Consequently, the total number of partitions at each level
keeps increasing from lower levels to higher levels, until it
reaches the voxel scale (level K — 2 with L&~2) = P) where
M modalities are collected from. Within each of the levels,
the multimodal imaging traits collected from the same spa-
tial location are maintained within one union to leverage
their correlation with respect to signal searching. To pro-
ceed to the actual feature scale, we can directly split each
unit PI()K_Z) into M elements with each element containing
an imaging modality at voxel p.

These nested partitions along multimodal main effect
imaging features pave a unique way to represent 8 by the
accumulative selection information over different parti-
tion levels. To first link selection between adjacency levels,
we introduce a mapping matrix between levels k and k + 1
as A = (al(f,)) ofa dimension L&D x 1O k =1,.. K —

2, with al(llc,) € {0, 1} indicating whether partition [ at level

k + 1 is the “child” for partition I’ at level k. Then, we

introduce a selection indicator set y*) = (ygk), ...,yf:()k))T

for partitions at level k (k < K) with yl(k) indicating
whether imaging features within partition [ at level k are
highly predictive for outcome as a whole; and y~1 char-
acterizes the selection at the actual imaging feature level.
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Sequentially between adjacent levels, these intermediate
selection indicators are linked with each other by the fact
that if a partition at a higher level is selected, then its
parent partitions from all the lower levels should all been
selected. In other words, only if y?l) =, .,= y(k) =1 with

P(k) ,C P(D P(k) contains signals. We can describe
thls 1nformat101n transmon more clearly by summarizing
the accumulative selection at level k reflected by all the
previous and current levels denoted by §%) as

k-1 k-1
5K = <H A(k,)}’(l)>o...o< H A(k,)}’(k_l)>07(k),
k/

k'=1 =k—-1

)

where the selection information of each y®,...,y*-D
can sequentially pass along through mapping matrices
and are combined with y® to determine this overall
selection status. Therefore, between adjacent levels, we
have §k+1) = A gk oy (k+1) "and we can eventually link
the intermediate selections to main effect selection as

§ = 6D = (ADyW)o . o(AK-2yK-2)

o(AK-DyE-D), (5)

where AK) = HIk(,j{ AX") denotes the mapping from level
k to the actual main effect feature space, and AK-D =
Iy«p- Based on the representation (5), we replace the main
effect selection indicator § by a number of nested inter-
mediate selection indicator sets {y", ..., y~1}. For any
k €{1,...,K — 1}, if there exists p € {1, ..., P} such that the
pth element of the accumulative selection vector A%y
is zero, then the corresponding pth element of § will be
zero. When it comes to the posterior inference, this means
that at each iteration, any unselected partition at a specific
level will directly set all its children partitions at higher lev-
els to be noises; and the inference will only concentrate on
the partitions containing signals. This effect accumulates
from lower levels to higher levels, allowing the algorithm
to keep adjusting the potential signal components. Though
the original number of features at level K — 1 equals the
actual scale, given the active set has been dramatically
downsized via “screening” from previous levels, we will
have a much more efficient posterior computation and
better inference performance upon the refined feature
space.

Another appealing feature of this model is reflected
by an embedding of structural information, which is
highly preferred in the application of neuroimaging data.
Given neuroimaging measurements are spatially corre-
lated under such a fine measure scale with respect to

brain anatomical structure, biologically, the spatially con-
tingent imaging features should have a higher possibility
to be selected or excluded simultaneously. Our model can
straightforwardly accommodate this information by con-
structing contiguous partitions in light of brain anatomi-
cal structure; and we also demonstrate the impact of differ-
ent partition constructions in our numerical studies. Along
with the nested selection indicators, we essentially realize
a series of sparse group selection; and the smoothing effect
of selection status will be sequentially achieved between
each pair of adjacent levels.

2.2.2 | Connection to the selection of
interactions

The developed sequential sparsity along multimodal imag-
ing features only accomplish two of our goals to incorpo-
rate correlated data structure and facilitate an efficient pos-
terior computation. To jointly identify intermodal interac-
tions which are determined by their own contribution to
the outcome and the existence of the corresponding main
effects, we can directly expand our sequential sparsity by
adding another level K with indicators & for the selec-
tion status of interactions. Specifically, we define a map-
ping matrix between main effects (level K — 1) and inter-
actions (level K)as AK) = (al(If,)) with al(lf,) € {0, 1} describ-
ing whether imaging measure !’ is one of the two parent
features of interaction [. It is straightforward to see that
each row of A®) contains two “1” elements with the rest
to be zero. Accordingly, the accumulative selection till the
interaction level follows

Sinter = s = I(A(K)a(K_l) > 1)0}’(K), 6)

where Z(-) represents the elementwise indicator function.
Model (6) allows us to learn the selection of interactions
in a similar fashion as the previous sequential selection
procedure by either directly excluding an interaction
when at least one of its main effects is unselected, or deter-
mining its selection status by the corresponding element
in y(K). In real practice, even though the total number of
potential interaction terms is PM(M — 1)/2 which can be
tremendous, a majority of them will be directly marked
as unselected in our posterior inference. Combining (6)
and (5), (4) will finish the prior construction for § and
Binter- We name this new prior model as the Bayesian
structure-driven sequential sparsity (BSSS) model, and
it is well suited to identify either main effects or both
main and higher-order effects (interaction in our case)
in the presence of large-scale structural or correlated
predictors.
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2.3 | Posterior inference
‘We move on to the posterior inference, through which we
can clearly see the advantage of our BSSS prior to improve
the computational efficiency. After constructing K — 2 lev-
els of partition across whole brain voxels, the unknown
parameter set for model (1) with M-modal imaging features
is®=GW,..,y% D,y a aper, B, 02, 0%,02). There
are different prior choices for selection indicators such as
the Bernoulli-Beta hierarchical prior (Stingo et al., 2011)
and Ising model (Li and Zhang, 2010), aiming to adjust the
posterior selection from different perspectives. To focus on
the main message and enhance robustness, we use simple
independent Bernoulli prior yl(k) ~ Bern(py) as an illustra-
tion, and one can easily replace it with an Ising model to
further smooth the selection.

To conduct posterior computation, we rely on a Markov
chain Monte Carlo (MCMC) algorithm. The joint posterior
distribution of all the parameters given the data is

71'((1) | \ ) X’ Xin[e}” S)
2
o 77(Y, X, Xinters S | Bo» &, Xinter 85 Sinter ae)
X 70(a, Xinter U%’ Ug)

K-1

x [ [ | yORa(y D) (Bo)m(c?),  (7)
k=1

— T —
y= (yla ’Xn) s Xinter -
T T T

)’
(X{,inter’ o Xn,inter)T’ Xl?:inter = (XlTl oXiZ’ o XiM—l OXE\/I)’
and S = (sy,...,8,)". For each of the parameters, we can
derive the analytical form of its posterior distribution,
based on which, we use (block) Gibbs samplers to draw the
posterior samples. A detailed description of the MCMC
algorithm is provided in the Web Appendix B. Along the
posterior inference, the majority computation is concen-
trated on parameters involved in § =1 and &, =1,
corresponding to the potential signals within main and
interaction effects. The sequential update of § and &;,s;,
facilitates a broad signal searching at coarse scales and
gradually refines feature identification at fine scales. Com-
pared with existing Bayesian SSVS methods which directly
work on the selection of actual feature scale, the posterior
inference under our model accumulatively downsizes
the searching space within each MCMC iteration in light
of structural information, making the whole searching
procedure targeted and biologically plausible.

where X = (xq, ..

3 | SIMULATIONS

We evaluate the feature selection and prediction perfor-
mance of BSSS compared with alternative approaches;

and we assess the sensitivity of BSSS on partition choices
through a number of simulations. In the first set of sim-
ulation, we consider two image dimensions, that is, a 2D
image with 30 X 30 pixels and a 3D image with 24 X 24 x 24
voxels, and vary the sample size to be 100, 300, and 500 for
the 2D case, and 500, 1000 for the 3D case. We consider
two modalities for all the cases. To generate imaging fea-
tures for two modalities x;; and x;, while ensuring spatial
smoothness and intermodality correlation, we first gener-
ate three latent vectors z;y, z;;, and z;,, each with same
dimension as the image features.

Zj ~ N(O’ Qt)? with Q[(pa p,)

[1C) — CprlI?
= T[ eXp <——p 2[ P 2 ,
t

where C, represents the spatial coordinate of feature
p, and we set 7, =1,t =0,1,2; and [, =0.1%,t = 0;], =
0.03%,t = 1,2. Those spatially smoothed latent vectors
are then used to construct imaging features for each
modality by x;; = z;yp + 0.2z;1;X;5 = Zio + 0.2z;,. In terms
of coefficients, we follow a similar procedure by intro-
ducing latent vectors b;,t =0,1,2, where each b is
generated based on (8) under 7, =0.02,, = 0.12. To
impose sparsity across main effects and interactions,
we generate each element of §;, §,, and f.,. by
Bip = (bip +0.2)I(C, € Dy) + (b, — 0.3)I(C, € D5),
Bap = (byp +0.3)I(C,, € D3) + (b, —0.2)I(C, € Dy),
and fy5p = (byp +0.3)I(C, € D,NDy), where D,
i =1,..,4 are the coordinate set, and the corresponding
true signal pieces for 2D and 3D images are demonstrated
in Figure 1. In this way, each modality contains both posi-
tive and negative main effects, and the interaction effects
obey the heredity constrain. In addition, we consider
different signal-to-noise-ratios with R? around 0.63 for
the high noise, and around 0.83 for the low noise; and
simulate 100 data sets for each simulation setting.

We apply the BSSS model to the simulated data set by
noninformatively setting 0(2) =20,a,=b,=a.=b. =1
and each p, =0.5. To assess the impact of partition
construction, we consider two different partition designs
for our method under both 2D and 3D images. Specifi-
cally, for the 2D case, in the first design (BSSS-P1), we
construct six levels of partitions according to the natural
order after vectorizing the image features followed by
interactions. In the second one (BSSS-P2), we construct
six levels of partitions with the first four anatomical
partitions showed in the upper panel of Figure 2. For the
3D case, we follow similar considerations with BSSS-P1
and BSSS-P2 containing five and six levels of partition,
and the anatomical partitions of BSSS-P2 are presented
in the lower panel of Figure 2. For each BSSS method,
we run the MCMC algorithm with initial values sampled

t = 07 172’ (8)
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2D case
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Dy |
(a) Modality 1
3D case
(a) Modality 1
FIGURE 1

Dy

(b) Modality 2

(b) Modality 2

A demonstration of our simulation under 2D and 3D image settings. The true main effect signal pieces for each modality are

highlighted under red and green colors, and the intermodal interaction signals are marked in blue. [This figure appears in color in the

electronic version of this article, and any mention of color refers to that version]

from priors for 5000 iterations with 2000 burn-in, and
estimate each parameter by its posterior median. The
computational time is 15-30 s for the 2D case and 5-6 min
for the 3D case per 1000 iterations on a Mac with M1 chip
and 16 GB memory. In terms of competing approaches,
given few existing approaches are readily applicable to
achieve a joint consideration of intra- and intermodality
feature selection, we resort to the widely used LASSO
(Tibshirani, 1996) and horseshoe (Carvalho et al., 2010)
implemented by R packages glmnet and horseshoe
under a regular two-step procedure by first selecting
main effects and then interactions. To evaluate selection
accuracy, we calculate the Area under the curve (AUC) for
selecting main effects (AUC,,,4i,), interactions (AUC;,;zer),

and all features (AUC,;); and for the prediction per-
formance, we obtain the out-of-sample R? based on the
test set.

We summarize the simulation results in Table 1. Based
on the results, the proposed BSSS models achieve the best
or among the best performance in both feature selection
and prediction under all the settings, and their superiority
becomes more pronounced under small sample sizes and
high noises. Particularly, besides a much higher selection
accuracy on interaction effects (AUC;,;.,), BSSS also
substantially improves the selection accuracy for the main
effects (AUC,,,i,,) compared with the existing frequentist
and Bayesian methods under a traditional two-step proce-
dure. This reassures the power of an integrative analysis
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An illustration of the partition design at each level for BSSS-P2 implemented under 2D and 3D image feature space over each

modality. Level 4 for each case corresponds to the partition for each pixel(voxel). [This figure appears in color in the electronic version of this

article, and any mention of color refers to that version]

on main and interaction effects under the same platform.
When comparing between two BSSS versions which are
under different partition constructions, we confirm the
advantage of performing sequential selection in light of
structural information for spatially contiguous signals as
the case in neuroimaging applications; and when enough
spatial structure is considered, BSSS is not sensitive to
different partition designs. It is worth noting that we have
also tried an alternative way to implement the competing
methods (LASSO and horseshoe) by combining imaging
features and intermodality interactions as a whole set of
predictors for model fitting and variable selection. How-
ever, the performance is even worse than that under the
two-step procedure; hence, we only provide the two-step
results here.

To further investigate the robustness of BSSS on parti-
tion construction, in the second set of simulation, based
on 2D images, we consider five different partition designs
for the BSSS implementation. The details of the simula-
tion setting, model implementation, and results are pro-
vided in the Web Appendix C. Through the simulation, we
confirm our model is relatively robust with respect to the
partition design.

Finally, we perform the third set of simulation in light of
the motivated ABCD study to evaluate our model perfor-

mance under the real data scale compared with compet-
ing methods. We directly adopt the multimodal imaging
data from the ABCD study and consider the intermodality
interactions. The details of the simulation setting, model
implementation, and results are also provided in the Web
Appendix C. Based on this set of simulation, we further
confirm the superior performance of the BSSS under an
ultra-high dimensional case.

4 | THE ADOLESCENT BRAIN
COGNITIVE DEVELOPMENT STUDY

The ABCD (Casey et al., 2018) is an ongoing landmark
study to investigate how environmental and sociocultural
factors impact human brain development from childhood
through adolescence. The study recruits more than 10,000
9- to 10-year-old children from 21 study sites across the
United States; and the study will collect the behavioral,
psychosocial, and neuroimaging measurements longitudi-
nally from participants for 10 years. Our analyses focus on
the first release of baseline ABCD data with the detailed
imaging processing and acquisition across different sites
described in Hagler et al. (2019) and Casey et al. (2018).
The task-based fMRI study contains an emotional version
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TABLE 1

Simulation results under different image dimensions, sample sizes, and noise levels are evaluated by Area under the curve

(AUC) on identifying features within main effects and interaction (AUC,;), main effects only (AUC,,;,), and interaction only (AUC,,,,,); and

out-of-sample prediction (R?)

2D image
Low noise High noise

n Method AUC,; AUC,,,4in AUC;¢er R? AUC,, AUC,,,4in AUC; ¢er R?

100 BSSS-P1  0.919(0.018) 0.914(0.022) 0.966(0.021)  0.734(0.058) 0.902(0.021) 0.897(0.027) 0.957(0.025)  0.509(0.072)
BSSS-P2  0.962(0.010) 0.969(0.008) 0.976(0.009)  0.744(0.057) 0.947(0.014)  0.962(0.012) 0.970(0.012) 0.520(0.069)
LASSO 0.546(0.009) 0.542(0.010) 0.573(0.030) 0.706(0.060)  0.527(0.007) 0.526(0.008) 0.536(0.024) 0.469(0.084)
horseshoe  0.593(0.050) 0.587(0.051)  0.653(0.095) 0.620(0.090)  0.566(0.048) 0.571(0.045) 0.607(0.081)  0.313(0.106)

300 BSSS-P1  0.939(0.017) 0.933(0.019) 0.968(0.027) 0.783(0.037) 0.931(0.012)  0.923(0.016) 0.974(0.013)  0.566(0.054)
BSSS-P2  0.975(0.003) 0.976(0.003) 0.980(0.006) 0.788(0.037) 0.969(0.006) 0.973(0.005) 0.979(0.008) 0.572(0.054)
LASSO 0.577(0.011)  0.570(0.012) 0.622(0.033) 0.788(0.035) 0.553(0.010)  0.547(0.010) 0.589(0.030) 0.565(0.054)
horseshoe 0.672(0.064) 0.657(0.067) 0.749(0.093)  0.747(0.075) 0.605(0.058) 0.592(0.057) 0.662(0.093) 0.421(0.122)

500 BSSS-P1  0.939(0.019) 0.931(0.020) 0.967(0.024) 0.793(0.032) 0.936(0.015) 0.929(0.018) 0.971(0.020)  0.575(0.042)
BSSS-P2  0.977(0.003) 0.977(0.003) 0.982(0.005) 0.796(0.032) 0.973(0.004) 0.975(0.004) 0.981(0.006) 0.579(0.042)
LASSO 0.595(0.012)  0.585(0.013)  0.654(0.035)  0.802(0.029) 0.565(0.011)  0.558(0.012) 0.604(0.031) 0.581(0.040)
horseshoe  0.666(0.064) 0.651(0.063)  0.752(0.091)  0.789(0.036) 0.617(0.073)  0.595(0.077) 0.695(0.102)  0.495(0.103)

3D image

Low noise High noise

n Method AUC,;, AUC,,4in AUC,/er R? AUC,;,; AUC,,4in AUC; 0, R?

500 BSSS-P1  0.956(0.018) 0.949(0.018) 0.964(0.015) 0.780(0.032)  0.957(0.017) 0.947(0.020) 0.962(0.016) 0.549(0.037)
BSSS-P2  0.952(0.034) 0.940(0.037) 0.986(0.006) 0.775(0.033) 0.959(0.012) 0.948(0.014) 0.982(0.008) 0.546(0.040)
LASSO 0.539(0.007) 0.538(0.007) 0.563(0.040) 0.767(0.032) 0.523(0.004) 0.523(0.004) 0.527(0.031)  0.529(0.042)
horseshoe 0.513(0.012) 0.514(0.013)  0.564(0.054) 0.562(0.048)  0.511(0.010)  0.511(0.010)  0.565(0.062) 0.249(0.043)

1000 BSSS-P1  0.950(0.019) 0.945(0.019) 0.951(0.032) 0.789(0.025) 0.966(0.017) 0.958(0.017) 0.968(0.012) 0.578(0.037)
BSSS-P2  0.916(0.061) 0.906(0.062) 0.987(0.011)  0.774(0.040) 0.963(0.021)  0.952(0.023) 0.986(0.007) 0.577(0.037)
LASSO 0.556(0.007) 0.555(0.007) 0.601(0.045) 0.783(0.026) 0.534(0.007) 0.533(0.005) 0.549(0.039) 0.566(0.036)
horseshoe 0.514(0.015) 0.518(0.015)  0.576(0.079)  0.570(0.039) 0.514(0.012) 0.514(0.015) 0.586(0.067) 0.262(0.037)

Note: The Monte Carlo standard deviation for each metric is included in the parentheses.

of the n-back task, during which the participants were
required to respond whether the stimulus was the same
as the one shown two trials earlier (2-back) or the target
stimulus shown at the beginning (0-back). The obtained
fMRI data reflect the application of the standard prepro-
cessing steps including gradient-nonlinearity distortions,
inhomogeneity correction for structural data, gradient-
nonlinearity distortion correction, motion correction, and
field map correction (Hagler et al., 2019). All the fMRI
images are coregistered and normalized into the standard
3 mm MNI space which consists of 47,636 voxels in the
brain. For each subject, we construct task-related activa-
tion contrast maps by fitting voxelwise general linear mod-
els (GLM). We primarily focus on the three task contrasts,
that is, 2-back versus 0-back (2back-Oback), 2-back ver-
sus baseline (2back), and 0-back versus baseline (Oback),
characterizing a subject’s working memory brain activity,
high memory load brain activity, and low memory load
brain activity, respectively. Our goal here is to determine
the informative imaging markers and intercontrast inter-

action effects, as well as quantify their prediction for chil-
dren’s general intelligence, or G-Factor, which will help
pave the way to characterize the neural signature for this
life-outcome related factor.

To perform the analysis, we construct the training data
under the 20 study sites with the minimum missing val-
ues, and the test data based on the remaining site. Of note,
the imaging protocol of the ABCD study follows a well-
developed harmonization process to remove site effect (see
Casey et al., 2018, for details); and we also show balanced
residuals based on our predictive model across different
sites (see the Web Appendix D), supporting the rationale of
our data split. Under the training set, we apply BSSS for the
three imaging modalities and intermodality interactions
adjusting for age, gender, race, highest parental education,
household marital status, and household income. Given
the ABCD study also provides the propensity weight for
each participated child (Garavan et al., 2018), we straight-
forwardly adjust our implementation under a weighted
regression to accommodate potential recruitment bias. To
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FIGURE 3

A demonstration of the model structure for BSSS with X, i = 1,2, 3 representing the imaging markers associated with the
2back-0back, 2back-baseline, and Oback-baseline modalities from the ABCD study. Based on the results from the posterior inference, the

identified main and interaction effects are displayed by the corresponding heat maps from the coefficients. [This figure appears in color in the

electronic version of this article, and any mention of color refers to that version]

construct partitions over voxels in light of brain anatomy,
we set the first level in light of automated anatomical label-
ing (AAL) atlas, and each subsequent level by dividing
an original partition unit into eight spatially contiguous
pieces based on the 3D coordinates with the unit center
as the origin. This allows us to reach the actual feature
scale at level five and between modality interaction at level
six. The hyperparameter settings closely follow those in the
simulations. We implement the MCMC for 10,000 itera-
tions with the first 5000 as burn-in, and the posterior con-
vergence has been confirmed by both trace plots and GR
method (Gelman and Rubin, 1992) as shown in the Web
Appendix D.

We first display the significant main and interaction
effects identified by our method across the brain from
each contrast and contrast interaction in Figure 3, which
also showcases our model structure. To examine how the
strongest intra- and intermodality predictive signals are
concentrated across different ROIs, we summarize the
posterior median proportion of voxels with a posterior
inclusion probability higher than 0.95 for each ROIL

Table 2 highlights the top five regions with the largest
piece of signals under each task contrast and interactions;
and the full list of AAL regions and the associated signal
proportion under different effects are provided in the Web
Appendix D. The results indicate a general consistency
among working memory, high and low memory loads on
the activated brain locations reflected by the main effects.
Specifically, right hippocampus, right parahippocampal
gyrus, and right calcarine sulcus display strong neural
signals for all three task contrasts. Previous literature indi-
cates that hippocampus and parahippocampal gyrus are
the two essential brain areas that significantly contribute
to memory-based ability during the neurodevelopment
(Faridi et al., 2015), and the right hippocampus, right
parahippocampal gyrus, and calcarine sulcus have been
extensively reported to support spatial sense cognition
(Mathieu et al., 2018), social cognition (Barber et al., 2013),
and visual processing, respectively (Tang et al., 2015).
In terms of the interactions, different from the main
effects, the three interaction units show diverse signal
patterns across the brain for different memory process
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TABLE 2
main and interaction effect results for the ABCD study

2back-0back

Frontal_Med_Orb_L 0.151
Insula_R 0.130
Cingulum_Ant_L 0.148
Hippocampus_R 0.160
ParaHippocampal _R 0.187
Calcarine_R 0.166
Lingual L 0.132
Temporal_Pole_Sup_R 0.128
2back-Obackx2back
Frontal_Inf_Oper_L 0.086
Frontal Inf Orb_R 0.048
Supp_Motor_Area_L 0.070
Supp_Motor_Area_R 0.075
Cingulum_Post_L 0.080
Parietal Sup_R 0.057
Precuneus_L 0.052
Paracentral_Lobule_L 0.076
Paracentral_Lobule_R 0.066
Caudate_L 0.036
Pallidum_R 0.026
Thalamus_L 0.029
Thalamus_R 0.039
Temporal Pole Mid_R 0.092

Note: The top five brain regions under each effect components are bolded.

The median proportion of the voxels with the posterior inclusion probability higher than 0.95 on the AAL regions from the

2back Oback
0.147 0.191
0.167 0.189
0.150 0.169
0.194 0.212
0.187 0.269
0.164 0.199
0.179 0.203
0.128 0.198
2back-0Obackx0back 2backx0back
0.037 0.071
0.077 0.026
0.021 0.096
0.020 0.087
0.036 0.066
0.022 0.091
0.037 0.083
0.028 0.071
0.022 0.084
0.079 0.043
0.105 0.013
0.093 0.029
0.081 0.029
0.054 0.060

Abbreviations: AAL, automated anatomical labeling; ABCD, Adolescent Brain Cognitive Development.

combinations. The clear distinction between the ROIs
with strong intramodality and intermodality effects sug-
gests a nonlinear relationship on the imaging predictors
and indicates a potential oversight of signals if we only
emphasize the first-order prediction.

We further investigate the imaging signals with respect
to brain subnetworks (Power et al., 2011) by summarizing
the posterior median proportion of the above signals
within each functional subnetwork in Table 3. Based on
the table, subnetworks with the largest activation from the
main effects under each contrast focus on the ones con-
trolling auditory, memory retrieval, and visual processes.
These signal patterns are the most cognition-related ones,
reassuring the plausibility of our results. The imaging
signals within different memory process interactions
again display under distinct subnetwork sets. Most of
these subnetworks have not been disclosed before for a
direct impact on a child cognitive development but the
uncovered interaction effects could enrich our under-
standing on the memory process system and guide future
investigation.

We also evaluate the prediction performance on the test
set, and the correlation between the predicted G-Factor
and the actual value is 0.352, which is higher than the
previous prediction on the general ability (Sripada et al.,
2020). To assess the contribution from the interactions,
we rerun BSSS without interaction effect, and the corre-
lation decreases to 0.291. Furthermore, given most of the
hyperpriors are noninformative, we perform a sensitivity
analysis on impact of partition construction following the
strategies in the second simulation to assess the robust-
ness of our model. We have shown that BSSS is mildly
sensitive to partition construction with the majority sig-
nals maintained. More details have been provided in the
Web Appendix D.

5 | DISCUSSION

In this paper, we propose a unified Bayesian approach that
jointly identifies risk first-order markers and intermodal-
ity/construct interactions for analysis of multimodality
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TABLE 3

The median proportion of the voxels with the posterior inclusion probability higher than 95-percentile on the functional

subnetworks from the main and interaction effect results for the ABCD study

2back-0back

Sensory/somatomotor Hand 0.081
Sensory/somatomotor mouth 0.071
Cingulo-opercular task control 0.115
Auditory 0.130
Default mode 0.078
Memory retrieval 0.091
Visual 0.105
Fronto-parietal task control 0.072
Salience 0.103
Subcortical 0.027
Ventral attention 0.024
Dorsal attention 0.074
Cerebellar 0.028

2back-0backx2back

Sensory/somatomotor hand 0.062
Sensory/somatomotor mouth 0.048
Cingulo-opercular task control 0.062
Auditory 0.059
Default mode 0.046
Memory retrieval 0.045
Visual 0.033
Fronto-parietal task control 0.055
Salience 0.038
Subcortical 0.054
Ventral attention 0.059
Dorsal attention 0.054
Cerebellar 0.028

Note: The top three subnetworks under each effect component are bolded.

neuroimaging data. By constructing a sequential selection
prior from the biological architecture and intermodality
relationship, we enhance the computational efficiency
and biological plausibility for the stochastic signal search-
ing along high-dimensional structure features and their
higher-order terms under heredity. Through extensive
simulations, we demonstrate the superiority of the pro-
posed methods in both prediction and feature selection.
By implementing the proposed model to the ABCD study
under different task fMRI contrasts, we identify not only
strongly cognition-related brain areas under working
memory, high and low memory loads, but also interesting
and distinct signal patterns within each intercontrast
interaction that are highly associated with children’s
general intelligence. An increase of correlation by 20%
from adding interaction effects confirms the crucial role
those effects play, though such intermodal effects have
been omitted in previous studies.

2back Oback
0.072 0.086
0.071 0.119
0.084 0.128
0.130 0.136
0.080 0.095
0.114 0.136
0.117 0.147
0.078 0.094
0.107 0.131
0.054 0.071
0.035 0.059
0.089 0.099
0.042 0.042
2back-0backx0back 2backx0back
0.053 0.055
0.048 0.048
0.044 0.044
0.041 0.059
0.046 0.054
0.068 0.045
0.054 0.033
0.049 0.068
0.062 0.038
0.080 0.036
0.012 0.106
0.050 0.045
0.028 0.028

Though our current data analyses focus on an integra-
tion of functional imaging under different task domains,
the proposed method can be directly implemented to com-
bine imaging modalities collected from different technolo-
gies with a range of functional, molecular, and anatomical
information after registration to the same geometrical
space. In addition, we currently focus on interactions as
higher-order terms to explain modalitywise coordination,
and our model can be directly modified to accommodate
more comprehensive nonlinear support. Meanwhile,
besides modeling the interaction effects between different
modalities, we can also modify mapping matrices to dis-
sect interaction effects within modalities. Such a general
high-order effect consideration, though may not be well-
motivated in the current brain imaging studies, is of great
interest in molecular data with a converging recognition
that interaction between genetic variants, or epistasis con-
tributes to explain phenotypic variance for complex traits.
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The construction of partitions contributes to improving
biological interpretation and enhancing analytical power,
as typically the landscape of the true signals is influenced
by the underlying architecture among features. Given the
partition design is flexible, in most of the biomedical stud-
ies, one can straightforwardly build a set of structurally
informative partitions in light of biological information. At
the same time, from the aspect to relieve informative prior
assumption, one future direction of our work is to param-
eterize the partition construction within the model infer-
ence. By such, we will increase the model complexity but
gain more adaptation during signal searching.
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SUPPORTING INFORMATION

Web Appendices in Sections 2 to 4 are available with this
paper at the Biometrics website on Wiley Online Library.
R code for BSSS along with implementation details is
also provided.
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