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ABSTRACT

The traditional brain mapping approach has greatly advanced our understanding of the
localized effect of the brain on behavior. However, the statistically significant brain regions
identified by standard mass univariate models only explain minimal variance in behavior despite
increased sample sizes and statistical power. Thisis potentially due to the generalizable
explanatory signal in the brain being non-sparse, therefore not captured by the thresholded,
localized model. Here we introduced the Bayesian polyvertex score (PVS-B), awhole-brain
prediction framework that aggregates the effect sizes across all vertices to predict individual
variability in behavior. The PVS-B estimates the posterior mean effect size at each vertex with
mass univariate summary statistics and the correlation structure of the imaging phenotype, and
weights the imaging phenotype of participants from an independent sample with these posterior
mean effect sizes to estimate the generalizable effect of a brain-behavior association. Empirical
data showed that the PV S-B was able to double the variance explained in general cognitive
ability by an n-back fMRI contrast when compared to prediction models based on the mass
univariate parameter estimates as well as models in which only vertices thresholded based on p-
value wereincluded. A fivefold improvement in variance explained by the PV S-B was observed
using a stop signal task fMRI contrast to predict individual variability in the stop signal reaction
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time. We believe that the PV S-B can shed light on the multivariate investigation of brain-
behavioral associations and will empower small scale neuroimaging studies with more reliable
and accurate effect size estimates.

INTRODUCTION

In traditional neuroimaging analyses, a brain-behavior association is assessed with abrain
mapping approach where the associative effect on behavior is estimated independently at each
measured unit of the brain data, e.g. vertex or voxd. These mass univariate effects are
subsequently summarized as a parametric map where statistical correction methods are applied to
map out a set of brain regions with significant behavioral associations. Given the limited
statistical power (Cremers, Wager & Yarkoni, 2017) and signal-to-noise ratio (SNR; Gonzal ez-
Cadtillo et a., 2012) of neuroimaging studies, a brain-behavior relationship isusually localized
to afew clusters of brain regions with the most significant p-values. With growing numbers of
imaging consortia and increased collaborative effort for data sharing, the sample size of
neuroimaging studies is large enough to detect small brain-behavior relationships spanning a
larger number of vertices or voxels; however, these mass univariate effects individually explain a
very small percentage of between subject variability in behavior (Poldrack et al., 2017). Large
effect sizes arerarely observed at the brain region or vertex level (Stanfield et al., 2008). With a
sample size of more than 14,000 participants, Smith and Nichols (2017) demonstrated that a
statistically significant imaging composite measure explained less than 1% of the variancein
behavior even after Bonferroni correction of 14 million tests. This questions whether those small
effect sizes detected by large scale imaging studies are really meaningful or generalizable.
Indeed, neural signatures distributed across the cortex, spanning multiple sub-networks, have
been shown to perform better than specific, predefined brain regions or networks at classifying
clinical disorders (Bruin, Denys, & Wingen, 2019; Reddan, Lindquist, & Wager, 2017) and
predicting individual differencesin cognitive processes (Chang et a., 2015). The predictive
power of agiven brain phenotype is not localized but appears to be widespread across the cortex.

Similar observations were made in the field of genetics. Genome-wide association studies
(GWAYS) use mass univariate regressions across the genome to localize genetic loci associated
with behavior in thousands of participants. However, the detected genetic loci that survive
Bonferroni correction often only account for afraction of the variance in complex human
phenotypes. As atest to investigate the magnitude of generalizable signals among those non-
significant small effect genetic variants, polygenic risk scores (PRS) were developed as an
aggregated sum over al of the effect sizesfrom GWAS (Davieset a., 2011; Le Hellard & Steen,
2014; Torkamani et al., 2018; Yang et al., 2010). By pulling together the effects of many
informative but not necessarily statistically significant SNP loci, the PRS explained a much
higher proportion of behavioral variation than only the significant SNPs. When the true effects
are less sparse, meaning the effects are small and ubiquitous across the genome, the PRS out-
performs prediction models with variant sets selected based on statistical significance
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(Dudbridge et al., 2013). In particular, the invention of the PRS has enabled researchers of
smaller scale studies to make powerful inference using the effect size estimates from large-scale
GWAS studies (Torkamani et al., 2018).

Given the observed similarity across fields, we explored that whether we could adapt the
traditional brain mapping approach to a framework for prediction using whole-brain phenotypes.
We developed anovel imaging analysis framework: the polyvertex score (PVS). The PVS
harnesses the explanatory power of an imaging phenotype by incorporating information across
all voxels or vertices that are readily available from the brain mapping analysis. It aggregates the
effect sizes across all vertices of the cortical surface for behavioral prediction, mirroring the
function of PRS. Two versions of the PVS were developed. The mass univariate PVS (PVS-U) is
asummary measure of all the univariate linear associations across the cortex. The Bayesian PVS
(PVS-B), on the other hand, uses a Bayesian parameter estimation process that incorporates the
correlation structure, estimated SNR, sample size, and number of vertices of the brain phenotype.
This accounts for the non-independence between verticesin the brain, which is alimitation of the
mass univariate approach.

Using smulations and functional neuroimaging data from the Adolescent Brain
Cognitive Development (ABCD) study, we tested two main hypotheses. Firstly, we hypothesized
that using all estimated mass univariate effects across the cortex, regardless of statistical
significance, would better predict individual variability in behavior compared to predictions
based on a subset of the most significant vertices. This would support the observation that the
explanatory effect of cognitive behaviors is widespread across the cortex and that vertices below
the traditional, corrected threshold are informative for brain-behavior relationships. Secondly, we
hypothesized that incorporating the estimated SNR of the imaging phenotype and the correlation
structure across vertices would improve our predictive power; thus, prediction models based on
the Bayesian parameter estimates of brain-behavior associations (PVS-B) would explain more
individual variability compared to PVS-U.

METHOD
A background based on the brain mapping approach
Traditionally, the association between an imaging phenotype and a behavior is tested
with univariate regression models at each vertex. The effect size of a brain phenotype on
behavior, based on the brain mapping approach, estimates a linear, additive relationship between
the imaging measurement, X, at each vertex, and the phenotypic outcome, y , as.
y=Xp+¢

for X denotes a standardized N by Vmatrix of a given imaging phenotype
where N and V denotes the number of subjects and vertices respectively. y representsan N by 1
vector of a behavioral phenotype, and g istheV by 1 vector of parameters of interest. With the
goal of localizing the effect rather than estimating the total explanatory signal, the brain mapping
approach omits the correlation information among vertices to reduce the computational demand.
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Recent debates on the reproducibility and the small effect sizes of neuroimaging research
are based on such mass univariate estimates from the brain mapping framework (Poldrack et al.,
2017; Smith and Nichols, 2017). We argue that inferring the magnitude of a brain-behavior
association based on these mass univariate estimates requires further consideration. Generalizing
based on the effect size estimates of the most significant verticesROIs of the mass univariate
model commits the assumption that the underlying true signal is sparse and localized, and
clusters of vertices’ROIs with minimum P values (Min-p) contain the main source of
generalizable signals. However, as previously mentioned, the explanatory power of the brain on
behavior appears to be nonsparse, and thus cannot be captured by the most significant
vertices/ROIs. In order to generalize the effect sizes of the whole brain phenotype, we need a
prediction framework that accounts for the nonsparseness of the brain signal on behavior.

Rooted in this brain mapping approach, we proposed the PV S estimation and prediction
framework. Importantly, we designed the parameter estimation process to enable smaller scale
imaging studies to make inferences based on the effect size estimates from large scale imaging
consortiums, mirroring the contribution of the PRS to genetics research. Therefore, all estimation
processes only require summary statistics, i.e. the effect size estimates of the mass univariate
regression models of the brain mapping framework. Thereis no need for original individual level
dataif the summary statistics have been shared by the research community, such as the design of
ENIGMA project (Stein et al., 2012).

Mass univariate parameter estimation

In the brain mapping context, the relationship between all vertices of the brain and the
behavior is estimated independently at each vertex with a univariate model. The effect of each
column of the brain matrix, X, is estimated independently and the correlation matrix of the brain
phenotype, X'X, isset to I, the identity matrix. The parameter estimates based on a mass
univariate model is thus reduced to the form:

By=1xX"y

Independent estimation of the parameter estimate at each vertex effectively reduces the
computational demand of the mass univariate model. However, ignoring the correlation structure
among vertices could result in the biased estimation of the multivariate beta parameters,
hampering the ability of mass univariate models to make accurate inferences and predictions. A
parameter estimation approach that accounts for the correlation structure of the brain phenotype
isthus called for.

Bayesian parameter estimation

To tackle the correlated signal of the imaging phenotype at each vertex, we developed a
Bayesian parameter estimation approach where the correlation information across verticesis
incorporated into the parameter estimation process. Similar framework has been proposed in the
field of genetics (VilhjAmsson et al., 2015). The intuition behind the formulation of the PVS-B
isto approximate the multivariate linear regression coefficients given the massive univariate beta
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estimates while providing analytically derived empirical priorsto ensure the information matrix
is positive definite.

The Bayesian parameter estimation procedure calculates the posterior mean effect sizes
of the brain phenotype by weighting the mass univariate beta estimates with a factor that
accounts for the observed correlation structure of the cortex and the experimental condition of
the imaging data:

R vV R
E(ﬁBayesian | By, D) = ( m + D)_lﬁU
Here, the posterior mean effect sizes E (Bpayesian | By, D), are approximated by the mass

univariate beta estimates 8, multiplied by the inverse of the correlation structure of the brain,
D, and a shrinkage factor that accounts for the number of vertices, V, the number of participants,
N, and the SNR of the brain-behavior association, S.

The SNR of the brain phenotype, S, is estimated using the moment estimator on the mean
effects (Schwartzman et al., 2017), which characterizes the amount of signal given the observed
associations. Using the mass univariate beta estimates, S can be estimated by:

A Meff r—5
S= % (zz — 1)

where z2 is the mean of the squared z-statistics of the mass univariate regressions across
vertices, and the . ¢ isthe estimated effective number of vertices. . is calculated by the
number of vertices, V, divided by the second spectral moment of the correlation matrix, D, a
factor that captures the effect of the correlation structure of the brain.

The benefits of implementing this Bayesian parameter estimation are 2 folds: 1) the
Bayesian parameter estimation procedure takes into account the correlation structure of the brain
phenotype, circumventing the independence assumption of the mass univariate approach; and 2)
the SNIR of the brain phenotype is being incorporated. Given that imaging data usually have low
SNR, accounting for the SNR in the parameter estimation process can reduce the variance in
prediction error that leads to better predictive performance. We note that the PV S-B
implemented in this study explicitly assumes a prior that al vertices have true associations on
behavior.

Behavioral prediction

Polyvertex scores

Motivated by the PRS analysis for GWAS, a polyvertex score (PVS) can be calculated
from neuroimaging data by aggregating the explanatory power of all vertices on behavior. The
PV S represents the predicted behavioral phenotype based on the cortex-wide associations
between the imaging phenotype and the observed behavior. We implemented two types of PVS
that utilize the mass univariate and Bayesian parameter estimates respectively. A mass univariate
PVS (PVS-U), based on the mass univariate parameter estimates, was computed as the brain
phenotype at each vertex for an individual multiplied by the mass univariate parameter estimates
acquired from an independent sample:
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v
Ypvs—-u = zX]lBU]
J

The PVS-U summarizes the effect size at all vertices on individual variability in
behavior, with the assumption of independence at each vertex.

Similarly, a Bayesian PVS (PV S-B) was calculated using the Bayesian parameter
estimates:

14
Ypvs-B = E XjﬁBayesian,j
J

The PVS-B is hypothesized to harness the multivariate effect of an imaging phenotype on
behavior by accounting for the correlation structure and the SNR of the brain phenotype, and
should yield superior predictive performance over the PVS-U.

Thresholding
Modeling a brain-behavior relationship with awhole-brain phenotype yields significant

gain in prediction accuracy when the underlying true association between the brain and behavior
is widespread across the cortex. However, when the true signal is sparse, awhole-brain
phenotype risks inferior prediction performance compared to methods that include only the most
significant vertices for prediction. In the current study, we did not know the sparsity of the true
brain-behavior associations, therefore we implemented 3 levels of thresholding for the PV S-U
and PVS-B. Specifically, we tested whether thresholding the number of verticesincluded in the
PVS-U and the PV S-B improved prediction performance when the signal sparsity was high. The
thresholding procedure was performed as follows: we ranked the absolute effect sizes for all
vertices and removed those ranked lower than athreshold proportion. Three levels of
thresholding were implemented such that the top 50%, 10% and 1% of vertices were retained for
the PVS-U or PVSB.

To link our predictive methods with the canonical statistical inference approach where a
brain and behavior relationship is established when any single vertex shows a significant
association with the behavior, we compared our methods with the predictive performance of the
vertex with the most significant mass univariate z-score which we have referred to as the Min-p
mode.

We used simulations and empirically collected functional MRI datato examine
prediction accuracy of the above mentioned 9 methods: the PVS-U, PV S-U 50% (PVS-U with
50% most significant vertices), PVS-U 10%, PVS-U 1%, the PV S-B, PVS-B 50%, PVS-B 10%,
PVS-B 1%, and Min-p.

Evaluating the performance of PVS
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We used 10-fold cross validation to evaluate the generalization performance of PVS. The
same trai ning-testing schema was applied to each fold to ensure the independency between
estimation and prediction. At each fold, mass univariate beta estimates obtained from the training
set, containing 90% of the full sample, were multiplied by the imaging phenotype of each test set
participant to obtain a PV S-U score (the predicted behavioral phenotype) for each participant in
the test set. This procedure was repeated 10 times yielding a predicted behavioral score for each
participant in the full sample. For the PV S-B, the posterior effect sizes were calculated with the
estimated SNR, the correlation structure, and the mass univariate beta estimates from the training
data, and multiplied by the imaging phenotype of each test set participant. Variance explained,
R?, the squared correlation between the observed and predicted behavior phenotypes, was used
as ametric for prediction accuracy.

Simulations

First, we used simulations to assess this novel method and determine whether the
different types of PV Ss perform as expected in certain contexts. In particular, we assessed how
signal sparsity, the SNR of the brain phenotype and sample size influenced the predictive
accuracy of the above mentioned PV S methods. The proportion of the true signal, i.e. the signal
gparsity level, was simulated at the levels of 100%, 50%, 10%, 1%, and 0.1% true signal. The
0.1% true signal level corresponds to the Min-p assumption where the significant effect liesin a
single vertex. The SNR of the brain phenotype was simulated at the levels of 0.01, 0.05, 0.1, and
0.2. Each combination of signal and SNR was simulated independently 100 times, giving 2000
iterations in total.

For each iteration of the simulations, the predictive effect of the brain on behavior at each
vertex, the true beta coefficient, was smulated as:

N(0,02/V) for probability
B~ { 0 for probability 1 — &

The beta coefficients were simulated by sampling independently from a standard normal
distribution. A subset of these true beta coefficients was then set to zero as determined by 1
minus the proportion of true signal, . For example, for an instantiation of 10% true signal
scenario, 10% of the vertices were randomly assigned to have non-null effects which can account
for o2 of outcome variationsin total, whereas the beta coefficients of the other 90% were set to
zero.

Then, the ssimulated behavioral phenotype was calculated as a combination of the effect
of an empirically collected brain phenotype, X, and independent noise weighted by the square
root of the SNR of that iteration. The independent noise was sampled at the participant level from
a standard normal distribution. To make the simulation more realistic, we used the empirical
brain phenotype data as the independent variables, X , whichwasa 6103 by 1284 brain matrix
of the 2back - Oback contrast of the nBack fMRI task of the baseline data of ABCD (ABCD Data
Release 2.0.0; NDAR DOI:10.15154/1503209). X was smoothed at around FWHM 5mm, pre-
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residualized by age and categorical variables including sex, parent marital status, highest level of
parental education, household income, self-reported race and ethnicity, and MRI scanner ID.

Within each iteration, two independent samples were randomly drawn at the sample size
of 100, 500, 1000, 3000, 5000, and at the full sample size, 6103, to estimate the sample size
dependency of prediction accuracy. Predicted behavioral phenotypes based on the PVS-U, the
PVS-B, and their thresholded variants were calculated with 10-fold CV. Variance explained, R?,
the squared Pearson correlation between predicted and simulated behaviors, served as a metric
for predictive performance.

Empirical Data

We examined the empirical utility of the PV Ss by predicting individual variability of 2
different cognitive tasks with 2 fMRI contrasts using the baseline data of the ABCD Study
(NDAR DOI: 10.15154/1503209). The ABCD Study is alongitudinal study across 21 data
acquisition sitesin the U.S. following 11,875 children starting at 9 and 10 years old. Detailed
study designs and recruitment procedures, imaging acquisitions, and preprocessing pipelines are
described in Garavan et al., (2018), B.J. Casey et a., (2018) and Hagler et a., (2018)
respectively.

With the complete data of the ABCD study, we estimated the predictive performance of
the vertex-wise 2 back - 0 back contrast from the nBack fMRI task (Cohen et a., 2016) and the
correct stop vs. correct go contrast from the Stop Signal Task (SST; Logan, 1994) on the total
composite score of cognition from the NIH Toolbox (NIH-TB; Gershon et al., 2013) and the stop
signal reaction time (SSRT) from the SST task respectively. Four brain-behavior associations of
interest were examined: nBack predicting TC, nBack predicting SSRT, SST predicting TC, and
SST predicting SSRT. All imaging and behavioral phenotypes were pre-residualized by age and
categorical demographic variables including sex, parent marital status, highest level of parental
education, household income, self-reported race and ethnicity, and MRI scanner ID. The final
sample included 6103 participants for the nBack associations and 6472 participants for the SST
associations.

Variance explained, R?, was calculated for each of the 9 prediction models for each
association. To quantify the difference in predictive accuracy among methods, we calculated the
bootstrap confidence interval (Cl) for the variance explained with 1000 bootstrapped samples.
These samples were generated by resampling with replacement the observed and predicted
behavioral phenotypes based on the family structure of the complete sample of the nBack and
SST fMRI tasks.

Lastly, to understand the effect of sample size on predictive performance, we calculated
the out of sample variance explained R? for each method at sample sizes of 100, 500, 1000,
2000, and 3000. The full sample was divided into 10 hold out samples based on family structures
such that each holdout sample contained equal proportion of families and singletons. For each
holdout sample, athousand independent samples for each of the above-mentioned sample sizes
were randomly selected from the remaining data. M ethods were subsequently trained on these
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independent samples and generalized to the corresponding holdout set, yielding 10000
independent  at each sample size for each method. Such  examined the true out of sample
generalization performance for each method. The mean and 95% confidence intervals of the
variance explained based on these 1000 samplesis shown.

RESULTS

Simulation results
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Figure 1. The predictive power of the PVS-U, PVSB and Min-P using smulated data. The proportion of total

signal explained, measured by the variance explained R? of each method divided by the SNR level, for the PVS-U,

PVS-B, and Min-p at varying simulated levels of proportion of true signal, SNR, and sample size. The PVS-B

showed significantly greater variance explained than the PV S-U and Min-p except when the true signal was

extremely sparse. Error bars show the 95% confidence interval of R? across simulations.
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Figure 1 shows the predictive performance of the PVS-B, PVS-U, and Min-p on 2000
simulations of brain-behavior associations. The PV S-B consistently outperformed the PV S-U
and the Min-p except at high signal sparsity level, and the differences were most evident at large
sample sizes. The level of sparsity only impacted the predictive performance of the PV S-B at the
most extreme condition, i.e. only 1% of the vertices contained true signal. At the sample size of
the baseline ABCD data (N = 6103), the PV S-B showed 8 to 42 folds increase in the proportion
of total signal explained compared to the Min-p when the true signal was not extremely sparse.
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No improvement in prediction was observed for the PVS-B compared to the Min-p when the true
signal was restricted to 1% of the vertices.
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Figure 2. The predictive power of the PVS-B at different levels of thresholding. The proportion of total signal
explained (R?) for each method divided by the SNR level, for the PVS-B and its thresholded variants at varying
simulated levels of proportion of true signal, SNR, and sample size. 95% Cls were reported. The unthreshol ded
PV S-B showed comparable to superior predictive performance compared to the thresholded PV S-Bs when the true
signal was not extremely sparse.

We also evaluated how thresholding influenced the predictive performance of the PVS-B
at varying levels of simulated proportion of true signal in Figure 2. The PVS-B demonstrated
comparable, if not superior, prediction performance to thresholded PV S-Bs when the effect size
per vertex was lower, comparable to many fMRI studies, (SNR of 0.05 and 0.1) and when the
proportion of true signal was high (10%, 50% and 100%). The effect size per vertex was
conceptualized as the SNR divided by the number of vertices with true signal. The unthresholded
PV S-B was able to capture the predictive effect across the cortex when the true signal was
global, however even at 10% sparsity level the unthresholded PV S-B performed equally well
compared to thresholded versions at lower SNR. Only when the true signal was extremely sparse
did the highly thresholded PV S-B perform better.

Empirical data results

| PVSB PVS-U Min-P
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nBack-TC 11.3 75 3.8
[9.8-12.9] [5.7-8.9] [2.7-4.8]

nBack-SSRT 0.7 0.2 0.5
[0.2-1.1] [0-0.5] [0.1-0.8]

SST-SSRT 6.9 11 0.4
[5.4-8.1] [0.6 — 1.5] [0.1-0.7]

SST-TC 0.5 0.2 0.4
[0.1-0.8] [0-0.3] [0-0.6]

Table 1. Variance explained, with 95% bootstrap CI, for the four brain-behavior associations (empirical data)
estimated for the PV S-B, the PV S-U, and the Min-p.

We examined how well the PVS-U and PV S-B methods captured brain-behavior
associations empirically by applying them to two fMRI task contrasts to predict individual
differences in cognitive performance. To examine the sensitivity and specificity of the PVS
predictive performance, four brain-behavior associations were investigated: nBack predicting
TC, nBack predicting SSRT, SST predicting TC, and SST predicting SSRT. The prediction
accuracy of the PV S-B, the PVS-U and Min-P for each brain-behavior association with 95%
bootstrap Clsisreported in Table 1.

For the nBack-TC association, the PVS-B demonstrated significantly better predictive
performance compared to the PV S-U and the Min-p, explaining 11.3% of the individual
variability in TC with the vertex-wise BOLD signal variation of the 2back-Oback contrast of the
nBack task. Similar improvement in prediction accuracy was also observed for the SST-SSRT
association. The PVS-B was able to explain 6.9% of the variance in SSRT using the vertex-wise
BOLD variation of the correct stop vs. correct go contrast from SST, compared to 1.1% for the
PVS-U and 0.4% for the Min-p. For the nBack predicting SSRT and the SST predicting TC
conditions, all methods showed minimal variance explained and the Cls bounded or were close
to 0. The vertexwise BOLD signal variationsin nBack and SST were not informativein
explaining individual differencesin SST and TC respectively.

We also examined how the predictive performance of the PV S-B varied as a function of
thresholding for these brain-behavior associations (Figure 3). Thresholding based on the rank of
the vertex-wise p-values resulted in decreased prediction accuracy for the two significant
associations, suggesting that information from vertices with p-values that would not have
reached vertex-wise corrected levels of statistical significance was still informative for
behavioral prediction. Specifically, for the nBack-TC association, the PV S-B 50% and PVS-B
10% showed dlightly reduced predictive performance (11.1% and 9.4%) compared to the PV S-B
(11.3%), but the difference was not statistically significant. For the SST-SSRT association, the
PVS-B, PVS-B 50% and PVS-B 10% yielded similar predictive performance, explaining 6.9%,
6.9% and 5.6% of the variance in SSRT using SST. These data show that using information from
all or at least 50% if the vertices for prediction improves prediction accuracy, therefore it would
be more appropriate to assume these associations are distributed across the cortex rather than
gparse. For these two associations, all methods showed improvement in predictive performance
with increased sample sizes (Supplementary Figure 2).


https://doi.org/10.1101/813915

bioRxiv preprint doi: https://doi.org/10.1101/813915. this version posted October 24, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

0.09-
Methods
) B PVS-B
0.06 I I B PVS-B 50%
. PVS-B 10%
B PVS-B 1%
Min-p

nBaék-TC SS_f—ssrt _ nBapi(-gsrt SST-TC
Brain-behavior associations

Variance explained (R?)
3

Figure 3. Predictive performance across PVS methods for the empirical brain-behavior associations.
Variance explained for the four brain-behavior associations (nBack predicting TC, SST predicting SSRT, nBack
predicting SSRT, SST predicting TC) estimated using PV S-B and its thresholded variants. For the two significant
associations, the best prediction performance was achieved by the PVS-B where all vertices where included in the
model. Predictive performance decreased as more stringent thresholds were applied.

DISCUSSION

In this study, we have introduced the polyvertex score (PVS) framework. The PV'S can be
used to assess the magnitude of a brain-behavior association of interest by aggregating the
explanatory power of neuroimaging data across the whole cortex to predict individual variability
in behavior. The Bayesian form of the PV S incorporates the mass univariate parameter estimates
of abrain-behavior association and the correlation structure of the imaging phenotype of interest
to estimate the strength of the generalizable effect of the brain in an independent sample.
Previous studies have shown that brain regions or vertices significantly contributing to
behavioral variability each only account for a small proportion of behavioral variation (Poldrack
et a., 2017; Smith & Nichols, 2017). Here we have shown that a whole brain phenotype,
captured by the PVS-B, explained more individual variation in behavior compared to a subset of
most significant vertices. With smulations, we have demonstrated that the PV S-B was able to
handle varying signal structures and yielded optimal performance under varying levels of sample
size, SNR, and proportion of true signal. Using the empirical datafrom the ABCD study, we also
demonstrated that the PV S-B had superior predictive performance compared to the PVS-U and

the Min-p, showing the importance of capturing the multivariate nature of the imaging phenotype
for optimal prediction.
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Traditional methods of analyzing neuroimaging data aim to identify brain regions
significantly associated with a behavior of interest. This approach has been fruitful in
characterizing the involvement of brain regions and systems in behavior, but has produced little
utility in predicting behavioral variability. Using simulations and empirical data, we have shown
that incorporating effect sizes across al vertices, using the PVS method, explained more
variance in behavior than thresholding vertices based on significance level. Consistent with
association patterns reported in other task-based fMRI studies (Chang et al., 2015; Gonzal ez-
Cadtillo et al., 2012) and for other brain phenotypes (Dubois et a., 2018; Palmer et al, in prep;
Smith et al., 2015), the explanatory effect of these functional brain phenotypes on the behaviors
tested was widespread and distributed across the cortex. Our results provide empirical evidence
that it isimportant to account for the whole brain pattern of associations when studying brain-
behavior relationships. Moreover, the PV S-B also demonstrated specificity in prediction such
that significant relationships were identified specifically for the nBack-TC and the SST-SSRT
association but not for the other two brain-behavior associations of interest. The PV S-B captures
the available explanatory effect without overfitting to boost prediction performance.

Nevertheless, there are limitations to our current approach. First, the signal architecture
across the cortex varies in sparsity and distribution depending on the brain-behavior association
of interest. Complex behaviors, such as general cognitive performance, are associated with
activation patterns or cortical architectures across widespread brain regions (Bruin, Denys, &
Wingen, 2019; Reddan, Lindquist, & Wager, 2017). More focused contrasts or specialized tasks,
such as finger tapping or visual perception, on the other hand, may demonstrate sparser and more
localized effects across the cortex; therefore, we would hypothesize that in these cases the
unthresholded PV S-B would not predict individual variability better than the thresholded PVS-
Bs. The superior empirical predictive performance of the unthresholded PVS-B suggests that the
underlying signal structure of the association between the task fMRI data analyzed and cognitive
performance is not sparse. The PV S-B does not explicitly impose a sparsity assumption, such as
the spike-and-slap prior (Mitchell & Beauchamp, 1988), yet still demonstrates robustness against
varying signal sparsity levels of the effect size distribution, making it an appealing predictive
tool when the true association structure in the brain is unknown.

Secondly, the PV S-B only captures additive effects across the cortex asits parameters are
calculated based on the mass univariate parameter estimates. Therefore, non-linear effects and
interactions between vertices are not accounted for with the PV S-B. While the PV S-B may
potentially show inferior performance to multivariate prediction models that assess nonlinear
relationships across vertices, it istightly linked to the traditional brain mapping approach and has
important utilities for smaller sample studies to boost power for prediction. The PVS-B can be
applied to a smaller scale imaging study where the mass univariate parameter estimates and the
correlation structure of the imaging phenotype are acquired from the ABCD study to generate a
more accurate estimate of a brain-behavior association in thisindependent sample. These PVS-B
scores can subsequently be associated with other brain and behavioral phenotypes, mirroring the
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utility of the PRSin assessing the relationship between individual risks for disease and
variability in behavior in genetics.

The application of the PVS-B prediction framework is not limited to functional imaging
phenotypes. The PVS-B has proven useful for structural imaging phenotypes to examine the
association between regional cortical morphology and cognition in children (Palmer et al., in
prep). It can be applied to data of other imaging modalities and resolutions. A common challenge
of multimodal imaging studies is the growing dimension of the parameter space by including
predictors from multiple imaging modalities. The PV S-B tackles this issue by summarizing the
effect sizes at all vertices as one composite measure. Thus, the number of parameters for
multimodal analysesis significantly reduced, and PV S-Bs of different imaging modalities can be
combined to examine the effect of multiple imaging properties of cortical and subcortical regions
on behavior. As the PRS empowered the genetics research community in data sharing and
scientific discovery, we believe that the PV'S framework will shed light on the multivariate
nature of brain-behavior associations, and will hopefully inspire more data sharing and
collaborative effort among neuroimaging studies for more accurate and replicable scientific
discoveries.

ACKNOWLEDGEMENT

Data used in the preparation of this article were obtained from the Adolescent Brain Cognitive
Development (ABCD) Study (https://abcdstudy.org), held in the NIMH Data Archive (NDA).
The ABCD Study is amultisite, longitudinal study designed to recruit more than 10,000 children
age 9-10 and follow them over 10 years into early adulthood. It is supported by the National
Institutes of Health and additional federal partners under award numbers U0O1DA 041022,
U01DA041028, U01DA041048, UO1DA041089, UO1DA041106, U0O1DA041117,
U01DA041120, UO1DA041134, UO1DA041148, UO1DA041156, UO1DA041174,
U24DA041123, U24DA041147, UO1DA041093, and UO1DA041025. A full list of supportersis
available at https://abcdstudy.org/federal-partners.html. A listing of participating sites and a
complete listing of the study investigators can be found at
https://abcdstudy.org/Consortium_Members.pdf. ABCD consortium investigators designed and
implemented the study and/or provided data but did not all necessarily participate in analysis or
writing of this report. This manuscript reflects the views of the authors and may not reflect the
opinions or views of the NIH or ABCD consortium investigators. The ABCD data repository
grows and changes over time. The data was downloaded from the NIMH Data Archive ABCD
Collection Release 2.0.0 (DOI: 10.15154/1503209).


https://doi.org/10.1101/813915

bioRxiv preprint doi: https://doi.org/10.1101/813915. this version posted October 24, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

REFERENCE

Barch, D. M., Burgess, G. C., Harms, M. P., Petersen, S. E., Schlaggar, B. L., Corbetta, M., ...
WU-Minn HCP Consortium. (2013). Function in the human connectome: task-fMRI and
individual differencesin behavior. Neurolmage, 80, 169-189.

Bruin, W., Denys, D., & van Wingen, G. (2019). Diagnostic neuroimaging markers of obsessive-
compulsive disorder: Initial evidence from structural and functional MRI studies. Progressin
Neur o-Psychopharmacology & Biological Psychiatry, 91, 49-59.

Chang, L. J,, Gianaros, P. J., Manuck, S. B., Krishnan, A., & Wager, T. D. (2015). A Sensitive
and Specific Neural Signature for Picture-Induced Negative Affect. PLoS Biology, 13(6),
€1002180.

Cremers, H. R., Wager, T. D., & Yarkoni, T. (2017). The relation between statistical power and
inferencein fMRI. PloS One, 12(11), e0184923.

Cohen, A.O., Conley, M.1., Dellarco, D.V., Casey, B.J., 2016. The impact of emotional cues on
short-term and long-term memory during adolescence. Program No. 90.25 Neuroscience
Meeting Planner., San Diego, CA: Society for Neuroscience 2016. Online.

Davies, G., Tenesa, A., Payton, A., Yang, J,, Harris, S. E., Liewald, D., ... Deary, I. J. (2011).
Genome-wide associ ation studies establish that human intelligence is highly heritable and
polygenic. Molecular Psychiatry, 16(10), 996-1005.

Duboais, J., Galdi, P., Paul, L. K., & Adolphs, R. (2018). A distributed brain network predicts
general intelligence from resting-state human neuroimaging data. Philosophical Transactions of
the Royal Society of London. Series B, Biological Sciences, 373(1756).
https://doi.org/10.1098/rsth.2017.0284

Dudbridge, F. (2013). Power and predictive accuracy of polygenic risk scores. PLoS Genetics,
9(3), €1003348.

Garavan, H., Bartsch, H., Conway, K., Decastro, A., Goldstein, R. Z., Heeringa, S., ... Zahs, D.
(2018). Recruiting the ABCD sample: Design considerations and procedures. Devel opmental
Cognitive Neuroscience, 32, 16-22.

Gershon, R. C., Wagster, M. V., Hendrie, H. C., Fox, N. A., Cook, K. F., & Nowinski, C. J.
(2013). NIH toolbox for assessment of neurological and behavioral function. Neurology, 80(11
Suppl 3), S2-6.

Gonzalez-Castillo, J., Saad, Z. S., Handwerker, D. A., Inati, S. J., Brenowitz, N., & Bandettini,
P. A. (2012). Whole-brain, time-locked activation with smple tasks revealed using massive
averaging and model-free analysis. Proceedings of the National Academy of Sciences of the
United Sates of America, 109(14), 5487-5492.


https://doi.org/10.1101/813915

bioRxiv preprint doi: https://doi.org/10.1101/813915. this version posted October 24, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Hagler, D. J., Hatton, S. N., Makowski, C., Daniela Corngo, M., Fair, D. A., Dick, A. S, ...
Dale, A. M. (2018). Image processing and analysis methods for the Adolescent Brain Cognitive
Development Study (p. 457739). https.//doi.org/10.1101/457739

LeHdlard, S, & Steen, V. M. (2014). Genetic architecture of cognitive traits. Scandinavian
Journal of Psychology, 55(3), 255-262.

Logan, G. D. (1994). On the ability to inhibit thought and action: A users guide to the stop
signal paradigm. In D. Dagenbach (Ed.), Inhibitory processesin attention, memory, and
language, (pp (Vol. 461, pp. 189-239). San Diego, CA, US: Academic Press, xiv.

Mitchell, T. J., & Beauchamp, J. J. (1988). Bayesian Variable Selection in Linear Regression.
Journal of the American Satistical Association, 83(404), 1023-1032.

Poldrack, R. A., Baker, C. I, Durnez, J., Gorgolewski, K. J., Matthews, P. M., Munafo, M. R,,
... Yarkoni, T. (2017). Scanning the horizon: towards transparent and reproducible neuroimaging
research. Nature Reviews. Neuroscience, 18(2), 115-126.

Reddan, M. C., Lindquist, M. A., & Wager, T. D. (2017). Effect Size Estimation in
Neuroimaging. JAMA Psychiatry , 74(3), 207—208.

Schwartzman, A., Schork, A. J., Zablocki, R., & Thompson, W. K. (2017). A simple, consistent
estimator of heritability for genome-wide association studies (p. 204446).
https://doi.org/10.1101/204446

Smith, S. M., & Nichals, T. E. (2018). Statistical Challengesin “Big Data’ Human
Neuroimaging. Neuron, 97(2), 263—-268.

Smith, S. M., Nichols, T. E., Vidaurre, D., Winkler, A. M., Behrens, T. E. J,, Glasser, M. F,, ...
Miller, K. L. (2015). A positive-negative mode of population covariation links brain
connectivity, demographics and behavior. Nature Neuroscience, 18(11), 1565-1567.

Stanfield, A. C., Mclntosh, A. M., Spencer, M. D., Philip, R., Gaur, S., & Lawrie, S. M. (2008).
Towards a neuroanatomy of autism: a systematic review and meta-analysis of structural
magnetic resonance imaging studies. European Psychiatry: The Journal of the Association of
European Psychiatrists, 23(4), 289-299.

Stein, J. L., Medland, S. E., Vasquez, A. A., Hibar, D. P, Senstad, R. E., Winkler, A. M., ...
Enhancing Neuro Imaging Genetics through Meta-Analysis Consortium. (2012). Identification of
common variants associated with human hippocampal and intracranial volumes. Nature
Genetics, 44(5), 552-561.

Torkamani, A., Wineinger, N. E., & Topol, E. J. (2018). The personal and clinical utility of
polygenic risk scores. Nature Reviews. Genetics, 19(9), 581-590.


https://doi.org/10.1101/813915

bioRxiv preprint doi: https://doi.org/10.1101/813915. this version posted October 24, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Vilhjdimsson, B. J., Yang, J., Finucane, H. K., Gusev, A., Lindstrom, S., Ripke, S,, ... Price, A.
L. (2015). Modeling Linkage Disequilibrium Increases Accuracy of Polygenic Risk Scores.
American Journal of Human Genetics, 97(4), 576-592.

Yang, J., Benyamin, B., McEvoy, B. P., Gordon, S., Henders, A. K., Nyholt, D. R., ... Visscher,
P. M. (2010). Common SNPs explain a large proportion of the heritability for human height.
Nature Genetics, 42(7), 565-569.


https://doi.org/10.1101/813915

bioRxiv preprint doi: https://doi.org/10.1101/813915. this version posted October 24, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

SUPPLEMENTARY MATERIALS
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Supplementary Figure 1. The estimated SNR  at the corresponding true SNR level as a function

of sample sizein the ssimulations. The reliably estimated the true SNR across all sample sizes
as demonstrated in simulations.
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Supplementary Figure 2. Variance explained and 95% CI based on 1000 subsamples of the full
sample using each of the nine PV'S methods as a function of sample size for the nBack predicting
TC and the SST predicting SSRT condition.
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