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Estimating the total variance explained by
whole-brain imaging for zero-inflated
outcomes

Check for updates

Junting Ren 1 , Robert Loughnan2,3, Bohan Xu3, Wesley K. Thompson1,3 & Chun Chieh Fan 3,4

There is a dearth of statisticalmodels that adequately capture the total signal attributed towhole-brain
imaging features. The total signal is often widely distributed across the brain, with individual imaging
features exhibiting small effect sizes for predicting neurobehavioral phenotypes. The challenge of
capturing the total signal is compounded by the distribution of neurobehavioral data, particularly
responses to psychological questionnaires, which often feature zero-inflated, highly skewed
outcomes. To close this gap, we have developed a novel Variational Bayes algorithm that
characterizes the total signal captured by whole-brain imaging features for zero-inflated outcomes.
Our zero-inflated variance (ZIV) estimator estimates the fraction of variance explained (FVE) and the
proportion of non-null effects (PNN) from large-scale imaging data. In simulations, ZIV demonstrates
superior performance over other linear models. When applied to data from the Adolescent Brain
Cognitive DevelopmentSM (ABCD) Study, we found that whole-brain imaging features contribute to a
larger FVE for externalizing behaviors compared to internalizing behaviors. Moreover, focusing on
features contributing to the PNN, ZIV estimator localized key neurocircuitry associated with
neurobehavioral traits. To the best of our knowledge, the ZIV estimator is the first specialized method
for analyzing zero-inflated neuroimaging data, enhancing future studies on brain-behavior
relationships and improving the understanding of neurobehavioral disorders.

Non-invasively quantifying the form and function of the human brain and
mapping these properties to neurobehavioral outcomes has been funda-
mental for understanding complex human behaviors1. For example, to
understand the neural mechanisms underlying the problematic behaviors
among youth, researchers often evaluate psychopathology by administering
validated questionnaires and measure brain structure and function via
magnetic resonance imaging (MRI)2,3. Brain regions relevant for psycho-
pathology are inferred by examining association patterns between ques-
tionnaire responses and MRI-derived measures4,5. For example, it may be
determined that the surface area of the prefrontal cortex is associated with
the attention domain from a questionnaire, hence leading to the inference
that one of the roles of that brain region is to regulate attention6.

However, inferences based on finding “significant” brain-behavior
relationships fromamassiveunivariate analysis approachhasbeenplaced in
doubt, especially in large studies where effect sizes of individual features can
be quite small and the potential for confounding bias can be quite high7. For

example, a recent large study found that the top one percent of associations,
after an exhaustive search through all functional measures of brain regions,
explained at most 0.36% of the variation in cognition8. Even though
they were statistically significant, the limited variance explained casts
doubt on the validity and reliability of the “one-brain-feature-at-a-time"
approach5,7,9,10.

As an additional complication, many neurobehavioral outcomes are
semi-continuous, i.e., characterized by a peak of values occurring at a
minimum value along with typically right-skewed continuous values11,12.
(Note, following the literature we refer to these distributions as being “zero-
inflated" even though theminimummaydiffer fromzero.) Semi-continuous
data arise frequently in biomedical applications, including medical
costs13, microbiome14,single-cell gene expression15 and psychological
questionnaires16. For example, the Child Behavior Checklist (CBCL), a
widely used assessment of the mental state of children17, contains eight
syndromal subscales and six DSM-oriented subscales, which typically yield
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Neuroscience and Genetics, Laureate Institute for Brain Research, 6655 S Yale Ave, Tulsa 74136 OK, USA. 4Department of Radiology, School of Medicine,
University of California San Diego, 9500 Gilman Drive, La Jolla 92093 CA, USA. e-mail: junting.ren.stat@gmail.com; CFan@laureateinstitute.org

Communications Biology |           (2024) 7:836 1

12
34

56
78

90
():
,;

12
34

56
78

90
():
,;

http://crossmark.crossref.org/dialog/?doi=10.1038/s42003-024-06504-y&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s42003-024-06504-y&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s42003-024-06504-y&domain=pdf
http://orcid.org/0000-0002-7492-6864
http://orcid.org/0000-0002-7492-6864
http://orcid.org/0000-0002-7492-6864
http://orcid.org/0000-0002-7492-6864
http://orcid.org/0000-0002-7492-6864
http://orcid.org/0000-0001-9437-2128
http://orcid.org/0000-0001-9437-2128
http://orcid.org/0000-0001-9437-2128
http://orcid.org/0000-0001-9437-2128
http://orcid.org/0000-0001-9437-2128
mailto:junting.ren.stat@gmail.com
mailto:CFan@laureateinstitute.org


right-skewed data with evident inflation at their minimum values, equal to
fifty by scale construction18 (Fig. 1a).

Small per-feature effect sizes and zero-inflated questionnaire responses
place tremendous challenges to investigating the neural etiology of psy-
chopathology in population samples of youths. Because psychopathology is
manifested in a minority of individuals and may gradually emerge during
adolescence, domain scores from psychiatric questionnaires (e.g., attention
problems or depressive withdrawal symptoms) are typically zero-inflated in
these samples. In these situations, researchers typically resort to general
summaries of the aggregated scores, such as total problems, instead of
domain scores, in an attempt to circumvent the issue of zero-inflated,
skewed outcomes. However, association patterns with the general summary
score from the CBCL are global without regional specificity19,20, hence
providing limited insight into the neural mechanisms of domain symptom
profiles. Prior, small-scale studies suggest that domain scores might have
more regional specificity6,21,22, although there are inconsistencies in reported
regions, as some studies have implicated ventrolateral prefrontal cortex in
attention problems6 whereas others have reported involvement of the dorsal
anterior cingulate cortex21,22. A recent analysis from a large-scale study
found no evidence for regional differences between adolescents with and
without attention deficits and hyperactivities (ADHD) diagnoses in cortical
thickness, surface area, andvolumes23. Those inconsistencies complicate our
understanding on the psychopathology among adolescents.

We developed a two-pronged approach to solve the challenge of
understanding the psychopathology among youth (Fig. 1b). First, instead of
examining one brain region at a time, we can estimate the theoretical bound
of the variance explained given all imaging features from a given MRI
modality.A similar concepthas been exploredbefore24,25. Yet, thesemethods
donot provide inferences about candidate causal brain regions25. Second,we
need amodeling approach that can handle zero-inflated outcomes. Existing
methodologies are built either for continuous normally-distributed or
binary outcomes25. Mis-specifying semi-continuous outcomes as being
normally distributed leads to incorrect estimation of their variances, gen-
erally leading to a downward bias in the estimation on total variance
explained26. No exisitng analytical techniques are specifically developed to
model the relationship between semi-continuous traits and whole-brain
imaging features.

Here, we present our newly developed Bayesian model, the zero-
inflated variance estimator (ZIV; https://github.com/junting-ren/ZIV).
Figure 1 illustrates the design of ZIV. Given a set of whole-brain imaging

features in the region-of-interest (ROI) level, ZIV estimates the total var-
iance explained by all features en masse (fraction of variance explained
[FVE]; Fig. 1c, top section), proportion of non-null effects among all
included features (Proportion of non-nulls [PNN]), and identifies the most
important features by estimating a probability for each feature (feature non-
null probability [FNNP]; Fig. 1c, middle section). Although the PNN esti-
mates show bias, the combined use of FNNP allows for the selection of true
causal features with high sensitivity and a low false discovery rate, as
demonstrated in simulations. The posterior weights from the ZIV estimator
can then can be used for prediction in an independent sample (Prediction
Weights; Fig. 1c, bottom section).

ZIV achieves these goals by combining point-and-slab priors with the
Tobit model, capturing the global-local signals of multiple imaging features
simultaneously from whole-brain images and the zero-inflated outcomes.
The practicality of the ZIV estimator is strengthened by flexible imple-
mentations, using either aVariational Bayes algorithm for speed or aMonte
Carlo Markov Chain (MCMC) algorithm for more accuracy (denoted as
ZIVM). We demonstrate the validity and the utility of our method with
comprehensiveMonte Carlo simulations and empirical applications on the
Adolescent Brain Cognitive DevelopmentSM (ABCD) Study.

Results
Monte Carlo simulation results
In the following sections, we present the result for 200 instances of Monte
Carlo Simulation with outcome generated by using either independent
standard normal features or ABCD study task-functional MRI (tfMRI)
image features. For outcomes generated by using independent standard
normal features, we fix the true FVE, PNN and number of features constant
at 0.5, 0.1 and 400 respectively, while varying the number of observations to
assess the validity and consistency of our model’s estimations. For the
simulated independent features, we examine the impact of zero-inflation on
model performance by generating outcomes with (truncated) and without
zero-inflation (linear). For the zero-inflated outcomes generated by using
ABCD study tfMRI image features, we utilize the real tfMRI images feature
matrix encompassing 8893 subjects and 885 features, and vary the the true
FVE and PNN to evaluate model performance across different real-data
scenarios characterized by highly correlated features. We benchmark the
FVE estimates from ZIV and ZIVMmodels against those from GCTA27, a
liability-basedmodel initially proposed for genetic studies and subsequently
adapted for neuroimaging data analysis25,28. GCTA expects the lower

Fig. 1 | ZIV schematic. a. The histogram of a zero-inflated outcome. The data is
highly concentrated at 0 with a long right tail. b ZIV assumes a latent outcome and
the input imaging features, such as region-of-interest measures, have a linear

relationship. c Through variational Bayes algorithm, ZIV estimates both total signal
profiles and the local feature characteristics simultaneously. The resulting posterior
weights can be used for predictions and feature selection.
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triangular part of the relatedness matrices as the input for estimating FVE.
We calculated the relatedness matrix given the correlations across input
imaging features25,28, and then call GCTA to perform the estimation given
the imaging-based relatedness matrix. In addition to FVE, GCTA also
output BLUP for the prediction.We also implementedRidge regression and
Lasso, using scipy, to compare the prediction accuracy across models, uti-
lizing MAE as the metric.

Parameter point estimation, prediction accuracy and
computational time
For FVE estimation using simulated independent standard normal features,
as illustrated in the top row of Fig. 2a, the FVE estimates from both ZIV and
ZIVMmodels converge to the true value of 0.50 as the sample size increases,
for both linear and zero-inflated outcomes.GCTAshowed a similar trend in
linear outcome, but significantly underestimates the FVE irrespective of
whether it is trained on all observations or solely on positive ones. Even
though the PNN estimation exhibits bias for zero-inflated outcomes, both
the ZIV and ZIVM estimation of PNN displayed a trend of converging to
the true value as sample size increases as shown in the second row, whereas
the GCTA does not provide estimation for PNN. The third row of Fig. 2a
showcases the superior prediction accuracy of the ZIV model over GTCA,
LASSO, andRidge regressionunder the assumptionof sparsity, regardless of
outcome type. The fourth row illustrates the logarithm of computational
time in seconds for ZIV, ZIVM, and GCTA models, highlighting a linear
increase in computational time with the number of observations for ZIV

and GCTA, in contrast to the polynomial time increase observed with
ZIVM. Given the analogous performance of ZIV and ZIVM for scenarios
where the observation count exceeds the feature count, only the ZIVmodel
was implemented and compared with GCTA in simulations based on
ABCD tfMRI features.

Figure 2b display the results for outcome simulated by highly corre-
lated ABCD tfMRI features. Across varying true FVE and PNN values, ZIV
marginally underestimates FVE by approximately 0.02, while GCTA
drastically underestimates it by around 0.10, 0.15 and 0.30 when the true
FVEequals 0.25, 0.5, 0.8, respectively. ZIV’sPNNestimates showa tendency
to overestimate at lower true PNN values and underestimate at higher ones.
In terms of prediction performance, ZIV models surpass GCTA, LASSO,
and Ridge predictions, with average improvements of 49.7%, 19.8%, and
21.2% over GCTA, LASSO, and Ridge, respectively, in MAE across all
scenarios.

Credible interval coverage rate and range
For uncertainty quantification, both ZIV and ZIVM provide credible
intervals (CI) for FVE and PNN estimates. As illustrated in the top figure of
Fig. 3, the coverage rate of CIs for FVE provided by ZIV and ZIVM aligns
with the anticipated 95% nominal level for linear outcomes. However, for
zero-inflated outcomes, while ZIVM’s coverage rate converges to the 95%
nominal threshold, ZIV’s coverage rate surpasses it. Regarding the PNN
coverage rate, both ZIV and ZIVMmodels exceed the nominal level when
the sample size (n) exceeds the number of predictors (p). The bottom figure

Fig. 2 | Monte Carlo Simulation Result of point estimation for FVE, PNN and
MAE under different types of outcomes, design matrices, number of sample size
and true FVE/PNN values. The dashed lines display the true values. Error bars
extend to one standard deviation both above and below the mean of the point
estimates. For each simulation setup, a total of 200 instances are conducted to
determine the mean and standard deviation of the point estimates. Panel a is
simulated using independent standard normal features with true FVE, PNN and
number of features fixed at 0.5, 0.1 and 400, where the distributions of the point

estimates are shown as a function of sample size and outcome characteristics. Panel
b is simulated using ABCD tfMRI image features with 8893 subjects and 885 fea-
tures.While the sample size and the number of features are fixed, the distributions of
the point estimates are shown as a function of true PNN and FVE. FVE fraction of
variance explained, PNN proportion of non-null, MAE mean absolute error, Log-
Time natural log of computational time in seconds, ZIVM ZIV model estimated
using MCMC algorithm.
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of Fig. 3 displays the range of the CIs. The CI ranges of ZIV are consistently
larger than that of ZIVM when n > p. The CI ranges for FVE decreases as
sample size increases for bothmodels, whereas the CI ranges for PNN stays
relatively constant. Although the coverage rate is higher than nominal level
for some setup, the relatively small range of theCI, comparing to the original
scale of the estimates, still offers meaningful information of the point
estimates.

When utilizing ABCD tfMRI features to generate outcomes, the cov-
erage rates of the CI consistently exceed the nominal level for different true
FVE and PNN, indicating that the CIs are wider than expected, which
reduces the power of the CIs. Nevertheless, the CI sustains coverage rates
above the nominal level across different setups and provides valid inference
within a relatively narrow range. The range of the CI for FVE decreases as
the true FVE increases, and the range of theCI for PNN increases as the true

Fig. 3 |Monte Carlo Simulation Result of CI coverage rate and range for FVE and
PNN under different types of outcomes, design matrices, number of sample size
and true FVE/PNN values. The dashed lines display the nominal coverage rate of
95%. Error bars extend to one standard deviation both above and below the mean of
the range. For each simulation setup, a total of 200 instances are conducted to

determine themean and standard deviation of the coverage rate and range. Panel a is
simulated using independent standard normal features with true FVE, PNN and
number of features fixed at 0.5, 0.1 and 400. Panel b is simulated using ABCD tfMRI
image features with 8893 subjects and 885 features. CI credible interval.

Fig. 4 | Monte Carlo Simulation Result of feature selection sensitivity and false
discovery rate using estimated global PNN and local FNNP under different types
of outcomes, design matrices, number of sample size and true FVE/PNN values.
The dashed lines display the position of 100% on y-axis. Error bars extend to one
standard deviation both above and below the mean. For each simulation setup, a
total of 200 instances are conducted to determine themean and standard deviation of

the sensitivity and false discovery rate. Panel a is simulated using independent
standard normal features with true FVE, PNN and number of features fixed at 0.5,
0.1 and 400. Panel b is simulated using ABCD tfMRI image features with 8893
subjects and 885 features. FDR: false discovery rate; PNN: proportion of non-null;
FNNP: individual feature non-null probability.
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PNN increases. This pattern underscores the ZIV’s perception of increasing
uncertainty in scenarios characterized by diminished information avail-
ability (low FVE) or heightened noise presence (attributable to elevated
PNN and feature correlation).

Feature selection sensitivity and false discovery rate
The ZIV model estimates the proportion of all the features being non-null,
denoted asPNN(π), and for each individual feature j, estimates thenon-null
probability, denoted as FNNP (πβj

). At the global level, the estimation of

PPN π implies that the total number of non-null features should not exceed
p × πwhere p is the total number of features. Therefore, in theMonte Carlo
experiments below, we identify the top k features with highest FNNP πβj

as

non-null, where k is defined as t × π̂ × p. We set t = (100%, 50%, 25%) to
demonstrate the trade off between sensitivity (out of all true non-null fea-
tures, the percentage selected) and false discovery rate (FDR, out of all
selected features, the percentage being true non-null). In Fig. 4a, which
illustrates outcomes derived from simulations using independent features,
no featurewas falsely identified as non-nullwhen the percentage twas lower
than 50%. Additionally, the sensitivity was maintained around 50% across
various simulation settings. This indicates that the features captured by the
model all are true non-null andout of all truenon-null features, 50%of them
are selected by our model. In Fig. 4b for outcomes generated using ABCD
tfMRI image features, a similar trend can be observed albeit with a higher
FDRand lower sensitivity compared to the independent feature simulations.
Notably, in the simulated scenario that closely mirrors real data char-
acteristics (true FVE=0.25 and PNN=0.005), setting t to 25% results in an
FDR near zero while still capturing about 50% of the true non-null features.

This analysis underscores the model’s efficacy in distinguishing between
null and non-null features under varying simulation conditions, illustrating
its potential applicability in real-world data analysis.

ABCD study results
We used ZIV to infer the signal architecture of the CBCL subscales, one
imagingmodality at a time. Results are summarized in Fig. 5a. AcrossCBCL
scales, the estimated FVE ranges from 0.6% to 4.9%. Imaging modalities
have a similar range of FVE’s given the same CBCL subscale, with the
highest magnitude of FVE in the DSM-oriented Conduct subscale and the
Rule Break syndrome subscale. The proportion of non-nulls also has similar
range across all imaging modalities except rsfMRI. Across CBCL subscales,
rsfMRI has the highest proportion of non-null compared to other imaging
modalities. It also has the largest model uncertainties in PNN compared to
others.

The estimated PNN are all less than 5% of included features. Posterior
estimates thus indicate brain-behavior signals are concentrated on smaller
subsets of ROIswith an overall background of weaker effects (Fig. 5b and c).
Between-network connectivity between the default mode and dorsal lateral
attention networks is associated with CBCL scales in three DSM-oriented
scales (ADHD, Conduct, and Opposition) and two syndrome scales (Rule
break and Social). Within cingulo-parietal network connectivity, on the
other hand, is found to be most closely related to externalizing behaviors.
The somatosensory network has strong associations with all CBCL sub-
scales, although most prominently in the ADHD, Attention, Social, and
Total Problem subscales (Fig. 5b). We do note that the PNN may be
underestimated or overestimated due to the biasedness shown in
simulation.

Fig. 5 | Brain and CBCL behavior associations in ABCD. a The global signal
architectures of CBCL across imaging modalities. b Posterior estimates of the local
features of rsfMRI. The coloring and size of the square in a cell represent the
posterior effect size of each measure pair while the asterisk marks indicate the

probability of being non-null exceeding 50%. c Posterior estimates of the local
features of sMRI for two CBCL scales that have highest FVE. The posterior effect
sizes are illustrated on the upper row and the posterior probabilities are illustrated on
the lower row.
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Mirroring results from rsfMRI, local signals from the associations with
sMRI measures were more evident in the cingulate, pariental, and soma-
tosensory regions, as shown in the Fig. 5c. The volume of the para-
hippocampus was inferred to have the highest probability of being non-null
compared to all other regions.

Discussion
We demonstrated that the ZIV model can efficiently infer the total global
signal while simultaneously localizing the driving features, given zero-
inflated outcomes and high-dimensional imaging predictive features. In
simulations using realistic high-dimensional features from task fMRI, ZIV
out-performed other tools in estimating the true values of FVE and pro-
portion of non-null signal, as well as in predictive accuracy on independent
testing sets. By adopting variational inference, ZIV provides posterior esti-
mates withinminutes using amodern laptop computer. ZIV is hence useful
and practical for application to large-scale brain-behavior analyses of many
existing datasets.

Analyzing zero-inflated outcomes without considering the violation of
normality assumption can lead to serious bias. As showcased in our simu-
lations, FVE estimated by methods like GCTA are severely downward
biased. ZIV formally models the zero-inflated outcome as a result of trun-
cation of a partially observed latent variable, hence more accurately cap-
turing the global signal architecture. With correct model specification, ZIV
also improves prediction accuracy, performing better than GCTA, LASSO,
and Ridge regression in all settings.

Our empirical findings of applying ZIV to the ABCD cohort indicate
that, regardless of imaging modality, relevant brain features are most con-
sistently detected for externalizing symptoms. Conduct problems, rule
breaking behaviors, and total problem scales exhibited the highest FVE
across measures. It is perhaps unsurprising that externalizing symptoms
were most strongly linked with brain morphology and function, with
ADHD and conduct problems forming some of the most prevalent mental
disorders in early adolescence29. Indeed, recent analysis within the ABCD
sample found these behaviors to be most strongly predicted by genetics30.
Taken together these results indicate that externalizing symptom assess-
mentsmay exhibit more variability in this young adolescent sample leading
to a greater ability to detect associations.

A recent high impact paper used ABCDdata to argue that the strength
of brain-behavior associations weremuch smaller than previously thought8.
In this work researchers presented cross-validation predictions claiming
that rsfMRI features explain around 1 percent of variance of theCBCLTotal
Problem while much less for the CBCL internalizing and externalizing
measures. We find this previous work likely underestimated proportion of
variance explained, in part due to a mispecified model assuming normality
of variables. the current work tackles this problem directly and in so doing
provides a more comprehensive picture of associations between brain and
adolescent mental health.

In particular, our estimates of the proportion of non-null effects
indicate that, for the item-level behavioral measures among youth, brain-
behavior signals are not ubiquitous across brain regions. This is in contrast
with reports that focus on more complex and normally distributed out-
comes, such as intelligence scores31. This sparseness also violates assump-
tions used inmethods such asGCTA25,27,28, rendering them inappropriate to
model such effects. The sparseness of the non-null effects across brain
regions enables analyses to partition out neural circuitry related to com-
ponents of behavior - such as those captured by item-level measures. Here
we have showcased that ZIV is well suited for this purpose sincemany of the
item-level behavioral measures are zero-inflated and heavily skewed.

Our analyses demonstrated that default mode network connectivity
with the dorsal lateral attention network has consistent associations with
ADHD, Conduct, Opposition, Rule breaking, and Social scales. The mis-
engagement of the default mode network with the attention network has
been posited as a key driver for attention issues among youth32. Concordant
with the rsfMRI results, our analysis on the volumetricmeasures from sMRI
show that the reduced volumes in parietal, cingulate, and parahippocampal

regions are consistently associated with Conduct and Rule breaking scales.
These results suggest that circuitry linking these regions is more salient to
externally-manifested behavior, rather than attention alone.

Surprisingly, subcortical structures, such as hippocampus, do not
exhibit stronger signals than other brain regions in our analyses. The pos-
terior effect sizes are concentrated on the cortical regions. While such
observations are consistent with prior reports based on youth samples6,21,22,
it is in sharp contrast to the results from the ENIGMA consortium33. The
meta-analyses on the case-control designed studies show most of the con-
sistent differences between patients with psychiatric disorders and healthy
controls are located at hippocampus33. It is possible what we capture here, is
the neural substrate underlying normal variations of the psychopathologies
among youth or the early precursor of a disease process. Our application of
ZIV is the first step toward the understanding of the etiology of psychiatric
disorders.

Our model addresses the zero-inflated nature of the data through
modeling a single latent variable, whereas traditional two-part models treat
the zero as true values and separately describes the probability of the out-
comebeingpositive and themagnitudeof positive values12,34,35. The two-part
models offerflexibility by not presuming data below the detection threshold
(zero) as unobserved. However, for brain imaging applications, the ZIV
(single model approach) demonstrates greater suitability. First, the latent
model provides enhanced interpretability, estimating FVE with easily
comprehensible coefficient effects. In contrast, the two-part model does not
directly estimate FVE and requires interpreting two distinct sets of coeffi-
cients. Second, when considering behavioral outcomes, it is logical to
assume the behavior remains unobserved until the latent variable surpasses
a certain threshold.

In addition, our Bayesian model inherently incorporates multiple
testing correction by estimating the PPN π in the model36, which indicates
that the proportion of true causal features is likely to be less thanπ. Consider
the simulated scenario where the true PNN and FVE is set at 0.05 and 0.8
respectively, as shown in Fig. 2b. Ourmodel’s inferred PNN is 0.049, which
suggests that the proportion of features with a positive association is below
5%. Consequently, when selecting significant features, we would identify
fewer than 5% of them as having a high probability of being non-null, based
on each feature’s local posterior non-null probability. Figure 4 demonstrates
that this approachachievehigh sensitivity and lowFDRunder various setup.
It contrasts with the multiple testing strategy used in Genome-Wide
Association Studies (GWAS),where each feature is evaluated independently
using univariate regression37. In GWAS, features are deemed significant
based on their individual p-values, without an aggregate estimate of the
proportion of non-null features across the entire set.

The ZIV model has been validated with comprehensive simulations.
When simulating zero-inflated outcomes with independent features, we
observe that point estimates FVE and PNN progressively align with the
ground truth as the sample size increases. However, we do note that the
PNN still exhibits bias and the simulation setup is rather ideal and needs to
be interpretedwith caution. For simulations utilizing real tfMRI features, the
model slightly underestimates FVE and inconsistently estimates the PNN:
overestimating at lower true values and underestimating at higher ones. The
FVE underestimation is linked to the zero-inflation censoring, leading to
incomplete information, while the PNN inconsistency arises from the high
correlation among tfMRI features. These findings underscore the need for
further investigation to improve the estimation and inference processes
related to PNN in future studies. Because we do not explicitly assign dif-
ferent priors for the input subset and do not include bivariate outcomes, we
cannot test the signal overlaps between imagingmodalities. It remains to be
seen if the converging results we found across modalities in the ABCD data
are indeed tagging the same biological signals. Despite these limitations, it is
important to highlight that the ZIV model, when compared to existing
methodologies such as GCTA, offers superior performance. This is evident
in the higher accuracy in FVE and prediction. Moreover, although the
estimation of the PNN exhibits bias, the ZIVmodel effectively utilizes PNN
to select important featureswithhigh sensitivity and low false discovery rate.
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In sum, our development and efficient implementation of the ZIV
mdel provides a necessary tool to investigate brain-behavioral relationships
zero-inflated, highly-non-normal data. In these cases, ZIV produces
unbiased estimates of the global signal fromhigh-dimensional imaging data
while providing detail on signal localization. Because of the high prevalence
of semi-continuous data in many fields, ZIV could be applied to analyses
beyond brain-behavior research.

Methods
Model overview
The core of ZIV estimator is a Tobit model with spike-and-slab priors
imposed on its coefficients. This model bears resemblance to traditional
linear regression but is specifically tailored for situations where the depen-
dent variable is zero-inflated by being censored at a certain threshold. ZIV
enables the application of standard linear regression methods on uncen-
sored data, while treating observations as censored values, not exact values38.
The Tobit model is widely used in health outcome research. For instance, it
is utilized for self-reported psychometric scales39, for exploring the rela-
tionship between Everyday Cognition scales and structural neuroimaging40,
and for examining the link betweenmemory functions and the 5-HT type 4
receptor41.

The spike-and-slab prior is a Bayesian approach to variable selection
and coefficient estimation, utilizing amixture of two distributions: a “spike"
representing a point mass at zero for irrelevant features and a “slab"
representing a continuous distribution for relevant features. Imposing a
spike-and-slab prior on coefficients of a linear model aids in variable
selection andmitigatesoverfitting inhigh-dimensional settings42. It has been
frequently used in identifying causal variables with various degree of
backgroundcorrelations, such asfinemapping in genetic applications43. The
spike-and-slab method has also been utilized to improve the interpretation
and detection of neural activity in various studies, such as those involving
calcium imaging44, electromagnetic brain mapping45, and functional
MRI46,47. Given the goal to identify keyneural pathways underlying complex
neurobehaviors, e.g. psychopathology among youth, we adopt this strategy
in our ZIV implementation.

The observed semi-continuous outcome zi for subject i is modeled by
positing a latent variable yi,

zi ¼
yi ; yi > 0

0 ; yi ≤ 0

�
ð1Þ

The latent variable and feature pairs fðyi; xiÞgni¼1 are assumed to follow a
linear relationship:

yi ¼ β0 þ xTi βþ ϵi ð2Þ

where the error terms ϵi are assumed to be independently and identically
distributed asN(0, σ2), xi ¼ ðxi1; xi2; :::; xipÞT and β ¼ ðβ1; β2; :::; βpÞT are
both p-dimensional column vectors. We also denote the n by p design
matrix as X ¼ ðx1; x2; :::; xnÞT .

Prior Specification
We model the effects of the features as a mixture of priors from normally
distributed non-nulls and point mass nulls (slab and spike prior):

βj ∼Nð0; σβÞπ þ δ0ðβjÞð1� πÞ ð3Þ

where δ0 denotes a point mass at zero. This formulation implies the fol-
lowing: when βj = 0, then δ0(βj) = 1, leading the density to be the sum of
1− π and π times the normal density value evaluated at zero. On the other
hand, When βj ≠ 0, δ0(βj) = 0, and the density simplifies to π times the
normal density at βj. We reparameterize βj, j = 1,…, p, as

βj ¼ δjeβj ð4Þ

where

eβj ∼Nð0; σ2βÞ
δj ∼ πδj ð1� πÞδj

ð5Þ

Reparameterization can simplify themodel’s structure,making it easier
to understand and interpret. By expressing βj as a product of δj and eβj, this
effectively separates the mixture model into its components. This decom-
position not only facilitates amore intuitive understanding of themodel but
also simplifies the derivation process in subsequent steps.

The specification of priors for other parameters in our model is con-
tingent upon the chosen posterior inference methods:
• For Variational Inference method, we assume the following non-

informative prior for the global proportion of non-nulls, π, and the
variance of the error terms, σ2, as:

π ∼Uniform ð0; 1Þ
σ2 ∼Uniform ð0;þ1Þ ð6Þ

We denote by θ = (σβ, β0) the parameters optimized using gradient
descent without a variational posterior.

• For Markov Chain Monte Carlo Inference Method, we assume the
following non-informative priors:

π ∼Beta ð0:5; 0:5Þ
σ2 ∼ InverseGamma ð0:1; 0:1Þ
σ2β ∼ InverseGamma ð1; 1Þ
β0 ∼Normal ð0; σ2βÞ

ð7Þ

Posterior inference methods
The objective of posterior inference is to obtain the posterior distribution of
the model parameters, given by:

Pðeβ; δ; π; σjX; zÞ / Pðzjeβ; δ; π; σÞ×Pðeβ; δ; π; σÞ ð8Þ

wherePðzjeβ; δ; π; σÞ denotes the data likelihood andPðeβ; δ; π; σÞ denotes
the prior distribution.

The posterior distribution encompasses a variety of random variables,
including continuous ones likeeβ anddiscrete ones such as δ. Due to thismix
of variable types and high dimensionality of the parameters, deriving a
closed-form expression of the distribution for direct computation is
impractical.

Therefore, we provide two different estimation algorithms: Markov
Variational Inference (VI) and Chain Monte Carlo (MCMC). MCMC, a
widely used method, constructs a Markov chain for sampling from the
posterior distribution, offering precise estimation48. In contrast, VI, a more
recent technique, approximates the posterior with simpler parametric
distributions49. While VI is more efficient in terms of computation and
scalability, it tends to offer approximations that are less precise compared to
the direct sampling approach of MCMC49. Offering two estimation algo-
rithms provides users with the flexibility to choose based on their specific
requirements, whether prioritizing higher speed or higher accuracy.

Variational inference method
We want to approximate the true posterior shown in Equation (8). To
achieve this, we use the following variational distributions for
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approximation:

qϕðeβ; δ; π; σÞ ¼ Qp
j¼1

N ~βjjμβjδj; σ
2
βj
δj þ σ2βj ð1� δjÞ

� �

×
Qp
j¼1

Bernoulliðδjjπβj
Þ

× Betaðπja3; a4Þ
× LogNormalðσ2jμ ¼ b3; σ

2 ¼ b4Þ

ð9Þ

The deliberate decision to maintain independence among these variational
distributions is to simplify the estimation algorithm. It’s important to note,
however, that in reality, the true posterior for the parameters should be

correlated: the true posterior of eβ; δ; π; σ is a multivariate distribution,
which is intractable. Our approach with the variational distribution is to
approximate this true posterior using simpler parametric forms. We
introduce variational parameters as ϕ = (a3, a4, b3, b4, μβ, σβ, πβ), where
μβ ¼ ðμβ1 ; μβ2 ; :::; μβp Þ; σβ ¼ ðσβ1 ; σβ2 ; :::; σβp Þ;πβ ¼ ðπβ1 ; πβ2 ; :::; πβp

Þ.
Once these variational parameters ϕ are learned from data, we can sample
from qϕ to approximate the true posterior distribution. For instance, to
obtain the posterior distribution of δj, we simply sample
from Bernoulliðπβj

Þ.
To measure the distance between the true posterior and the approx-

imate posterior, we use the Kullback-Leibler divergence (KL-divergence):

DKLðq k pÞ ¼ Eqϕ
log

qϕðeβ;δ;π;σÞ
Pðeβ;δ;π;σjX;zÞ

� �

¼ Eqϕ
log qϕ � logPðeβ; δ; π; σ;X; zÞ þ logPðX; zÞ
� �

¼ Eqϕ
log qϕ � logPðeβ; δ; π; σ;X; zÞ� �

þ logPðX; zÞ
ð10Þ

Therefore, we have

logPðX; zÞ ¼ DKLðq k pÞ þEqϕ
logPðeβ; δ; π; σ;X; zÞ � log qϕ

� �
ð11Þ

Since logPðX; zÞ is a constant, in order to minimize DKL(q∥p), we max-

imize Eqϕ
logPðeβ;δ;π;σ;X;zÞ

qϕðeβ;δ;π;σÞ
� �

which is the Evidence Lower Bound (ELBO).

The ELBO can be written in three separate parts:

ELBO ¼ Eqϕ
logPðzjeβ; δ; π; σ;XÞh i

ð12Þ

þEqϕ
logPðeβ; δ; π; σ;XÞh i

ð13Þ

þEqϕ
� log qϕðeβ; δ; π; σ;XÞh i

ð14Þ

Equation (12) is the expectation of the data likelihood over the varia-
tional distributions, Equation (13) is the expectation of the prior likelihood
and Equation (14) is the entropy of the variational approximation dis-
tribution. We use Adam50 for our stochastic gradient descend algorithm to
minimize the negative of the ELBO. The details of the posterior inference
and optimization methodologies are shown in the Supplementary Materi-
als Note 1.

Markov Chain Monte Carlo inference method
MCMC methods constitute a group of algorithms designed for sampling
fromcomplex probability distributions that are difficult to computedirectly.
In our context, the target is the posterior distribution as detailed in Equation

(8). The implemented algorithm is a hybrid approach that integrates both
Gibbs and Hamiltonian Monte Carlo (HMC) sampling techniques. While
Gibbs sampling can be slow to converge to the target distribution in high-
dimensional spaces due to inefficient random walk patterns51, HMC
addresses this issue through a novel auxiliary variable approach. This
approach effectively transforms the challenge of sampling from a target
distribution into simulating Hamiltonian dynamics52,53. However, HMC is
designed for continuous model parameters.

Therefore, we employ the Gibbs algorithm for sampling the discrete
parameters δ, and HMC for the efficient sampling of continuous para-
meters ðeβ; π; and σÞ. After obtaining posterior sampling of δ, similar
estimation of the πβ as in the VI algorithm can be calculated simply by
taking the mean of δ across each feature. The algorithm’s framework is
presented in Algorithm1, with detailed steps provided in the Supple-
mentary Note 2.

Inferring the Global Signal Architecture of Brain-Behavior
Relationships
We use FVE and PNN as the two key metrics to characterize the global
signal architecture of brain-behavior associations.

To estimate the FVE on the latent scale, we use the sampled values of
latent linear effects in the posterior draw of the parameters. By definition,
the variance captured by the latent linear outcome at sample cycle c is given
by

var erðcÞi jxi
h i

; ð15Þ

where erðcÞi is the latent linear outcome value for individual i at the current
cycle c

erðcÞi ¼
Xp
j¼1

xijeβðcÞj δðcÞj : ð16Þ

Then, the estimated variance in the current cycle c is

v̂ar erðcÞi jxi
h i

¼
P

iðerðcÞi Þ2

N
�

P
ierðcÞi
N

 !2

: ð17Þ

The estimated FVE on the latent scale is at cycle c is

FVEðcÞ ¼
v̂ar erðcÞi� �

v̂ar erðcÞi� �
þ ðσðcÞÞ2

ð18Þ

where ðσðcÞÞ2 is the estimate for thenoise varianceσ2 at cycle c.Wecanobtain
the posterior distribution for FVE as we repeat the sampling cycle from the
posterior distribution for βj, δj and σ2.
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Inferences for PNN can be accomplished directly using the approxi-
mated posterior distribution:

π∼Betaðπja3; a4Þ: ð19Þ

This Bayesian model inherently incorporates multiple testing correction by
estimating the PPN π in the model, which indicates that the proportion of
true causal features is likely to be less than π. For a more comprehensive
discussion and details on this aspect, refer to the Discussion.

Localized feature inference and selection
For localized feature selection, the model produces posterior distributions
δj ∼Bernoulliðπβj

Þ that indicates the probability of non-null for each feature
j. Customized rules based on πβj

can be utilized to identify likely non-null
features. On the global level, the estimation of PPN π suggests that the total
number of non-null features should be less than p × π, which in turn
penalizes the sum of all δj should not exceed p × π. Therefore, in the Monte
Carlo experiments below, we pick the top k highest πβj as non-null asso-
ciations, where k ¼ t � π̂ � p and π̂ is the mean of PNN π posterior dis-
tribution. We set t = (1, 0.75, 0.5, 0.25) to showcase the trade off between
false discovery rate and sensitivity.

Prediction
In our Bayesianmodel, we can obtain a posterior distribution for zi through
sampling from the posterior distribution multiple times:

yðcÞi ¼ βðcÞ0 þ xTi β
ðcÞ ð20Þ

Then,

zðcÞi ¼ yðcÞi ; yðcÞi > 0

0 ; yðcÞi ≤ 0

(
ð21Þ

where βðcÞ0 and β(c) are the sampled parameters from their corresponding
posterior distribution at cycle c.

In order to obtain a point prediction, we directly take the mean of the
coefficient posterior distributions and product sumwith the corresponding
features:

ŷi ¼ E½β0� þ xTi E½β� ð22Þ

ẑi ¼
ŷi ; ŷi > 0

0 ; ŷi ≤ 0

�
ð23Þ

This is equivalent to sample zi from the posterior and take the mean of the
sampled zi, due to the linearity of the expectations.

Monte Carlo experiments
WeperformedMonteCarlo experiments to evaluate the performance of the
ZIV model. In order to simulate synthetic data that closely resemble real
data, we used actual task fMRI data for our imaging features while varying
true model parameters to generate synthesized semi-continuous outcomes.
The task fMRI data were sampled from the ABCD 4.0 Data Release. We
randomly assigned 0.5%, 1%, 5% or 10% of the features to have non-null
effects (i.e., PNN in 0.005, 0.010, 0.050, and 0.100, respectively). The non-
null effects were generated from a normal distribution with mean 0 and
standard deviation of 0.1. The latent outcome was set equal to the linear
combination of the features multiplied by the corresponding coefficients
adding normally-distributed noise. The observed outcomewas truncated at
0 whenever the latent outcome was negative. Because that the mean of the
latent outcome is 0, there are around 50% zeros in the outcomes for each
simulated instances. The variance of the random Gaussian noise was
determinedby the empirical varianceof the latentmean (linear combination

of the features multiplied by the corresponding coefficients) and the pre-
defined FVE parameter for simulation. We simulated data that have 0.05,
0.25, 0.5 or 0.8 fraction of variance explained. This resulted in a total of 16
different simulation scenarios (4 different percent non-null effects times 4
different pre-defined FVE’s). The total sample size and the number of fea-
tures for the ABCD data simulation are 8893 and 885, respectively. In
addition to using real tfMRIdata, we generated both linear and zero-inflated
outcome under the same setup except that the features are simulated from
independent standard normal distribution. We fixed the true FVE, PNN
and number of features to be 0.5, 0.1 and 400 respectively, while varying the
number of observations to investigate the model consistency. For each
simulation setup, we generated 200 instances and aggregated over the
estimates of the instances for final result.

First, we examined the performance of ZIV in inferring the global
signal architectures, i.e., howwell the FVE and PPN covered the true values.
For comparison, we also implemented a liability-based linear mixed effects
model25,27,28. Estimation of morphometricity from liability-based linear
mixed effects model is one of the few existing high-dimensional imaging
algorithms that focuses on characterizing the global signal25. The liability
based estimates were first proposed and implemented in the software, called
GCTA27, for human genetic studies and then applied to neuroimaging
data25,28. In contrast to ZIV, the GCTAmodel estimates the FVE assuming
regression coefficients are normally distributed and hence the signal
architecture is ubiquitously non-null across all input features27,28.

Second,we investigated if ZIV improved thepredictiveperformanceby
accounting for the zero-inflated distribution and non-null probabilities.We
compared the predictive performance of ZIV with three other prediction
models: ridge regression, LASSO, and the best linear unbiased predictor
(BLUP) from the GCTAmodel. To evaluate the prediction performance of
the models, we randomly split the data into 80% training and 20% testing
sets for each outcome-modality pair. The performance metric we used was
the mean absolute error (MAE). Compared to mean-squared error (MSE),
MAE is less sensitive to outliers that are abundant in non-Gaussian data and
hence more appropriate for semi-continuous, highly skewed data. In
addition, MAE is more interpretable than MSE because it is assessed in the
same units as the data, while the MSE is in squared units. Finally, we
compared the computational speed and accuracy between variational
inference and the traditional Markov chain Monte Carlo (MCMC)
algorithm.

For a fair comparison of prediction accuracy with linear predictors
such as Lasso, Ridge andGCTA,we truncate their predictions to 0when the
values are below zero. This ensures that the linearmodels takes into account
the zero-inflated nature of the outcomes.

Empirical application
We investigated the relationship between the psychopathology and Region
of Interest (ROI)brainmeasurements, one imagingmodality at a time,using
data from the ABCD Study. The average connectivities among resting state
network modules are also included in the analyses, as they are provided by
the ABCD data release. The ABCD Study is the largest investigation of
neurodevelopment in the United States. N=11,880 youth aged 9-11 at
baseline were recruited from 21 different sites around the country; they are
currently undergoing annual in-person evaluations for over a decade by the
end of the study54. Data are released publicly on an annual basis via the
National Institute of Mental Health Data Archive (NDA, https://data-
archive.nimh.nih.gov/abcd). More details about the study can be found at
https://abcdstudy.org/. In this application, we used data from theABCD4.0
National Data Archive release (NDAR DOI:10.15154/1523041).

Multimodal imaging measures
Neuroimaging data were consolidated across all 21 data collection sites and
processedby theABCDDataAnalysis Informatics andResourceCenter and
the ABCD Image AcquisitionWorkgroup55. Data were then obtained at the
region of interest (ROI) level for the five MRI modalities available in the
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ABCD data release: 1) structural T1 MRI (sMRI), which measures cortical
and subcortical morphometry; 2) diffusion tensor images (DTI), which are
sensitive to the fiber structures of human brain; 3) restricted spectrum
images (RSI), which summarize the properties of tissue compartments; 4)
task functional MRI (task fMRI), consisting of event-related contrasts
capturing change in the fMRI signal in response to stimuli56; and 5) resting
state functional MRI (rsMRI), consisting of connectivity measures across
Gordon parcellations and subcortical regions, partitioned into modular
networks57. All included imaging variables and their corresponding cate-
gories can be found in the Supplementary Data 5.

The number of features per modality were as follows: 1) p = 1186
measures fromsMRI; 2) p = 2376measures fromDTI; 3) p = 1140 fromRSI;
4) p = 885 from the three fMRI tasks; and 5) p = 416 from rsMRI. For all
imaging modalities except rsMRI, ROIs were restricted to the Desikan
cortical atlas58. As described above, rsMRI was based on amodular network
partition. Both DTI and RSI features included metrics from segmented
major fiber bundles, in addition to the cortical and subcortical ROIs. Casey
et al. (2018)56 offers in-depth information about the imaging acquisition,
processing procedures, and quality control metrics in the the ABCD ima-
ging data. All features were standardized to have zero mean and unit
standard deviation before entering them into the ZIV models to improve
numerical stability and enhance convergence speed for gradient descent
optimization.

Child behavior checklist scores
The Child Behavior Checklist (CBCL) is a tool widely utilized for eval-
uating an extensive range of emotional and behavioral problems in
children59,60. It uses a scoring system where responses are labeled as 0 (not
applicable), 1 (partially or occasionally applicable), or 2 (completely or
frequently applicable). The CBCL is comprised of 113 items that measure
aspects of the child’s behavior across the past six months. The CBCL
provides a total score, along with scores on eight syndrome subscales and
six subscales oriented around the Diagnostic and Statistical Manual of
Mental Disorders (DSM). The eight syndrome subscales include: (1)
anxiety/depression; (2) social withdrawal/depression; (3) somatic com-
plaints; (4) issues with social interaction; (5) thought disturbances; (6)
attention issues; (7) rule breaking; and (8) aggressive behavior. Subscales
from these eight syndromes can be further summarized into three pro-
blem scales: internalizing problems (comprising anxiety/depression,
social withdrawal/depression, physical complaints), externalizing pro-
blems (comprising violations of rules, hostile behavior), and total pro-
blems. The six DSM-oriented scales encompass: (1) depressive disorders;
(2) anxiety disorders; (3) somatic disorders; (4) attention-deficit/hyper-
activity disorders; (5) oppositional defiant disorders; and (6) conduct
disorders. Scores obtained from the CBCL are usually highly right
skewed59. In particular, the t-standardized score, a preferred scoring that
aims to reduce over-interpretation, exacerbates the violation of normal
assumption by left truncation of the raw score at 50, leading to inflation
at this minimum value60. Here, we focus on the t-standardized scores of
all eight syndrome scales, six DSM-oriented scales, and three summary
problem scales, investigating how brain features associate with these
semi-continuous scores.

Participant inclusion
For each outcome (CBCL scores) and image modality pair, we excluded
participants who were missing outcome observations or lacked the corre-
sponding modality ROI measurements. We randomly sampled one mem-
ber from each family if there were multiple siblings within a family. Within
each participant, a single observation was randomly sampled if that parti-
cipant had multiple MRI assessments across visits. The number of obser-
vations included for each image modality for all outcomes is shown in
Supplementary Table 1. In all ZIV models we adjusted for race, age, MRI
scanner serial info and software versions, and sex at birth as potential
confounders. Variance due to these covariates is thus not included in the
calculation of FVE for brain imaging features.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
ABCD data are released publicly on an annual basis via the National
Institute of Mental Health Data Archive (NDA, https://data-archive.nimh.
nih.gov/abcd). Details about the study can be found at https://abcdstudy.
org/. In this application, we used data from the ABCD 4.0 National Data
Archive release (NDARDOI:10.15154/1523041). The simulation results are
provided in the Supplementary Data 1 and Supplementary Data 2. The
performance of the feature selection is provided in the Supplementary
Data 3. The empirical results can be found in the Supplementary Data 4.

Code availability
The code associated with this research is available on GitHub at https://
github.com/junting-ren/ZIV. This repository contains all necessary code
and instructions to replicate the analyses described in this paper.Theversion
of ZIV used in this publication was deposited at 61.

Received: 5 October 2023; Accepted: 25 June 2024;

References
1. Genon, S., Eickhoff, S. B. & Kharabian, S. Linking interindividual

variability in brain structure to behaviour. Nat. Rev. Neurosci. 23,
307–318 (2022).

2. Volkow,N.D. et al. The conceptionof the abcdstudy: Fromsubstance
use to a broad nih collaboration. Dev. Cogn. Neurosci. 32, 4–7
(2018). The Adolescent Brain Cognitive Development (ABCD)
Consortium: Rationale, Aims, and Assessment Strategy.

3. Barch, D. M. et al. Demographic, physical and mental health
assessments in the adolescent brain and cognitive development
study: Rationale and description. Dev. Cogn. Neurosci. 32, 55–66
(2018). The Adolescent Brain Cognitive Development (ABCD)
Consortium: Rationale, Aims, and Assessment Strategy.

4. Feldstein Ewing, S. W., Bjork, J. M. & Luciana, M. Implications of the
abcd study for developmental neuroscience. Dev. Cogn. Neurosci.
32, 161–164 (2018). The Adolescent Brain Cognitive Development
(ABCD) Consortium: Rationale, Aims, and Assessment Strategy.

5. Dick, A. S. et al. Meaningful associations in the adolescent brain
cognitive development study. NeuroImage 239, 118262 (2021).

6. Ducharme,S. et al. Decreased regional cortical thicknessand thinning
rate are associated with inattention symptoms in healthy children. J.
Am. Acad. Child Adolesc. Psychiatry 51, 18-27.e2 (2012).

7. Smith, S.M. &Nichols, T. E. Statistical challenges in “big data" human
neuroimaging. Neuron 97, 263–268 (2018).

8. Marek, S. et al. Reproducible brain-wide association studies require
thousands of individuals. Nature 603, 654–660 (2022).

9. Botvinik-Nezer, R. et al. Variability in the analysis of a single
neuroimaging dataset by many teams. Nature 582, 84–88
(2020).

10. Szucs, D. & Ioannidis, J. P. Empirical assessment of published effect
sizes and power in the recent cognitive neuroscience and psychology
literature. PLoS Biol. 15, e2000797 (2017).

11. Liu, L., Strawderman, R. L., Johnson, B. A. & O’Quigley, J. M.
Analyzing repeatedmeasures semi-continuous data, with application
to an alcohol dependence study. Stat. Methods Med. Res. 25,
133–152 (2016).

12. Ren, J., Tapert, S., Fan, C. C. & Thompson, W. K. A semi-parametric
bayesianmodel for semi-continuous longitudinal data. Stat. Med. 41,
2354–2374 (2022).

13. Liu, L., Strawderman, R. L., Cowen, M. E. & Shih, Y.-C. T. A flexible
two-part random effectsmodel for correlatedmedical costs. J. health
Econ. 29, 110–123 (2010).

https://doi.org/10.1038/s42003-024-06504-y Article

Communications Biology |           (2024) 7:836 10

https://data-archive.nimh.nih.gov/abcd
https://data-archive.nimh.nih.gov/abcd
https://abcdstudy.org/
https://abcdstudy.org/
https://github.com/junting-ren/ZIV
https://github.com/junting-ren/ZIV


14. Chen, E. Z. & Li, H. A two-part mixed-effects model for analyzing
longitudinal microbiome compositional data. Bioinformatics 32,
2611–2617 (2016).

15. Jiang, R., Sun, T., Song, D. & Li, J. J. Statistics or biology: the zero-
inflation controversy about scrna-seq data. Genome Biol. 23,
1–24 (2022).

16. Karcher, N. R. & Barch, D. M. The abcd study: understanding the
development of risk for mental and physical health outcomes.
Neuropsychopharmacology 46, 131–142 (2021).

17. Achenbach, T. M.The Achenbach system of empirically based
assessment (ASEBA): Development, findings, theory, and
applications (University of Vermont, Research Center for Children,
Youth, & Families, 2009).

18. Isaiah, A., Ernst, T., Cloak, C. C., Clark, D. B. &Chang, L. Associations
between frontal lobe structure, parent-reported obstructive sleep
disorderedbreathingandchildhoodbehavior in theabcddataset.Nat.
Commun. 12, 2205 (2021).

19. Patel, Y., Parker, N., Salum, G. A., Pausova, Z. & Paus, T. General
psychopathology, cognition, and the cerebral cortex in 10-year-old
children: Insights from the adolescent brain cognitive development
study. Front. Hum. Neurosci. 15, 781554 (2022).

20. Durham, E. L. et al. Association of gray matter volumes with general
and specific dimensions of psychopathology in children.
Neuropsychopharmacology 46, 1333–1339 (2021).

21. Chabernaud, C. et al. Dimensional brain-behavior relationships in
children with attention-deficit/hyperactivity disorder. Biol. Psychiatry
71, 434–442 (2012).

22. Whitfield-Gabrieli, S. et al. Association of intrinsic brain architecture
withchanges inattentional andmoodsymptomsduringdevelopment.
JAMA Psychiatry 77, 378 (2020).

23. Bernanke, J. et al. Structural brainmeasures among childrenwith and
without adhd in the adolescent brain and cognitive development
study cohort: a cross-sectional us population-based study. Lancet
Psychiatry 9, 222–231 (2022).

24. Sabuncu, M. R. et al. Morphometricity as a measure of the
neuroanatomical signature of a trait. Proc. Natl Acad. Sci. 113,
E5749–E5756 (2016).

25. Couvy-Duchesne, B. et al. A unified framework for association and
prediction from vertex-wise grey-matter structure.Hum. Brain Mapp.
41, 4062–4076 (2020).

26. Fusi, N., Lippert, C., Lawrence, N. D. & Stegle, O.Warped linearmixed
models for the genetic analysis of transformed phenotypes. Nat.
Commun. 5, 4890 (2014).

27. Yang, J., Lee, S. H., Goddard, M. E. & Visscher, P. M. Gcta: a tool for
genome-wide complex trait analysis. Am. J. Hum. Genet 88,
76–82 (2011).

28. Zhang, F. et al. Osca: a tool for omic-data-based complex trait
analysis. Genome Biol. 20, 107 (2019).

29. Bitsko, R. H. et al. Mental health surveillance among children - united
states, 2013-2019 71.

30. Loughnan, R. J. et al. Unique prediction of developmental
psychopathology from genetic and familial risk. J. Child Psychol.
Psychiatry 63, 1631–1643 (2022).

31. Zhao, W. et al. Individual Differences in Cognitive Performance Are
Better Predicted by Global Rather Than Localized BOLD Activity
Patterns Across the Cortex. Cereb. Cortex 31, 1478–1488 (2020).

32. Owens, M. M. et al. Investigation of psychiatric and
neuropsychological correlates of default mode network and dorsal
attention network anticorrelation in children. Cereb. Cortex 30,
6083–6096 (2020).

33. Opel,N. et al. Cross-disorder analysis of brain structural abnormalities
in six major psychiatric disorders: A secondary analysis of mega- and
meta-analytical findings from the enigma consortium.Biol. Psychiatry
88, 678–686 (2020). New Mechanisms of Psychosis: Clinical
Implications.

34. Lambert, D. Zero-inflated poisson regression, with an application to
defects in manufacturing. Technometrics 34, 1–14 (1992).

35. Yau, K. K., Wang, K. & Lee, A. H. Zero-inflated negative binomial
mixed regression modeling of over-dispersed count data with
extra zeros. Biometrical. J.: J. Math. methods Biosci. 45,
437–452 (2003).

36. George, E. I. &McCulloch, R. E. Variable selection via gibbs sampling.
J. Am. Stat. Assoc. 88, 881–889 (1993).

37. Uffelmann, E. et al. Genome-wide association studies. Nat. Rev.
Methods Prim. 1, 59 (2021).

38. Amemiya, T. Tobit models: A survey. J. Econ. 24, 3–61 (1984).
39. Austin, P. C., Escobar,M. & Kopec, J. A. The use of the tobit model for

analyzing measures of health status. Qual. Life Res. 9,
901–910 (2000).

40. Farias, S. T. et al. Everyday cognition in older adults: associationswith
neuropsychological performance and structural brain imaging. J. Int.
Neuropsychol. Soc. 19, 430–441 (2013).

41. Haahr,M. E. et al. The5-ht4 receptor levels in hippocampuscorrelates
inversely with memory test performance in humans. Hum. Brain
Mapp. 34, 3066–3074 (2013).

42. Ishwaran,H. &Rao, J. S. Spike and slab variable selection: frequentist
and bayesian strategies (2005).

43. Qian, S. et al. Adjusting for genetic confounders in transcriptome-
wide association studies improves discovery of risk genes of complex
traits. Nat. Genet. 56, 336–347 (2024).

44. Murphy, M. C., Chan, K. C., Kim, S.-G. & Vazquez, A. L. Macroscale
variation in resting-state neuronal activity and connectivity assessed
by simultaneous calcium imaging, hemodynamic imaging and
electrophysiology. Neuroimage 169, 352–362 (2018).

45. Nathoo, F., Babul, A., Moiseev, A., Virji-Babul, N. & Beg, M. A
variational bayes spatiotemporal model for electromagnetic brain
mapping. Biometrics 70, 132–143 (2014).

46. Yu, C.-H., Prado, R., Ombao, H. & Rowe, D. A bayesian variable
selection approach yields improved detection of brain activation from
complex-valued fmri. J. Am. Stat. Assoc. 113, 1395–1410 (2018).

47. Zeng, Z., Li, M. & Vannucci, M. Bayesian image-on-scalar regression
with a spatial global-local spike-and-slab prior. Bayesian Anal. 1,
1–26 (2022).

48. Gilks, W. R., Richardson, S. & Spiegelhalter, D.Markov chain Monte
Carlo in practice (CRC press, 1995).

49. Blei, D. M., Kucukelbir, A. & McAuliffe, J. D. Variational inference: A
review for statisticians. J. Am. Stat. Assoc. 112, 859–877 (2017).

50. Kingma, D. P. & Ba, J. Adam: A method for stochastic optimization.
Proceedings of the 3rd International Conference on Learning
Representations (ICLR 2015).

51. Gelfand, A. E. Gibbs sampling. J. Am. Stat. Assoc. 95,
1300–1304 (2000).

52. Neal, R. M. et al. Mcmc using hamiltonian dynamics. Handb. markov
chain monte carlo 2, 2 (2011).

53. Hoffman, M. D. & Gelman, A. et al. The no-u-turn sampler: adaptively
setting path lengths in hamiltonian monte carlo. J. Mach. Learn. Res.
15, 1593–1623 (2014).

54. Garavan, H. et al. Recruiting the abcd sample: Design considerations
and procedures. Dev. Cogn. Neurosci. 32, 16–22 (2018).

55. Hagler Jr, D. J. et al. Image processing and analysis methods for the
adolescent brain cognitive development study. Neuroimage 202,
116091 (2019).

56. Casey, B. J. et al. The adolescent brain cognitive development (abcd)
study: imaging acquisition across 21 sites. Dev. Cogn. Neurosci. 32,
43–54 (2018).

57. Gordon, E. M. et al. Precision functional mapping of individual human
brains. Neuron 95, 791–807 (2017).

58. Desikan, R. S. et al. An automated labeling system for subdividing the
human cerebral cortex on mri scans into gyral based regions of
interest. Neuroimage 31, 968–980 (2006).

https://doi.org/10.1038/s42003-024-06504-y Article

Communications Biology |           (2024) 7:836 11



59. Achenbach, T. M. & Rescorla, L. A. Manual for the aseba school-age
forms & profiles: an integrated system of multi-informant assessment
burlington, vt: University of vermont. Res. Center Children, Youth,
Families 1617 (2001).

60. Achenbach, T., McConaughy, S., Ivanova, M. & Rescorla, L. Manual
for the aseba brief problem monitor for ages 6–18 (bpm/6–18).
Burlington: University of Vermont Research Center for Children,
Youth, and Families (2017).

61. Xu, B., Thompson,W.K., Fan, C.C., Ren, J. & Loughnan, R. Ziv version
1.0, (Zenodo, 2024) https://doi.org/10.5281/zenodo.11479618.

Acknowledgements
This work was supported by grant R01MH122688, RF1MH120025, and
R01MH128959 funded by the National Institute for Mental Health (NIMH).
The ABCD Study is supported by the National Institutes of Health and
additional federal partners under award numbers: U01DA041022,
U01DA041028, U01DA041048, U01DA041089, U01DA041106,
U01DA041117, U01DA041120, U01DA041134, U01DA041148,
U01DA041156, U01DA041174, U24DA041123, and U24DA041147. A full
list of supporters is available at https://abcdstudy.org/federal-partners.html.
A listingofparticipatingsitesandacomplete listingof thestudy investigators
can be found at https://abcdstudy.org/consortium_members/. ABCD
consortium investigators designed and implemented the study and/or
provided data but did not necessarily participate in the 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.

Author contributions
Junting Ren: Conceptualization, Methodology, Software, Writing - original
draft, Visualization. Robert Loughnan:Writing - Review& Editing. Bohan Xu:
Software. Wesley K. Thonpson: Conceptualization, Writing - review &
editing, Supervision, Funding acquisition. Chun Chieh Fan:
Conceptualization, Writing - review & editing, Visualization, Supervision,
Funding acquisition.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary information The online version contains
supplementary material available at
https://doi.org/10.1038/s42003-024-06504-y.

Correspondence and requests for materials should be addressed to
Junting Ren or Chun Chieh Fan.

Peer review informationCommunications Biology thanksBaptisteCouvy-
Duchesne and the other, anonymous, reviewer(s) for their contribution to the
peer review of this work. Primary Handling Editors: Joao Valente. A peer
review file is available.

Reprints and permissions information is available at
http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in anymedium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in the
article’sCreativeCommons licence and your intended use is not permitted
by statutory regulation or exceeds the permitted use, you will need to
obtain permission directly from the copyright holder. To view a copy of this
licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2024

https://doi.org/10.1038/s42003-024-06504-y Article

Communications Biology |           (2024) 7:836 12

https://doi.org/10.5281/zenodo.11479618
https://doi.org/10.5281/zenodo.11479618
https://abcdstudy.org/federal-partners.html
https://abcdstudy.org/consortium_members/
https://doi.org/10.1038/s42003-024-06504-y
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Estimating the total variance explained by whole-brain imaging for zero-inflated outcomes
	Results
	Monte Carlo simulation results
	Parameter point estimation, prediction accuracy and computational time
	Credible interval coverage rate and range
	Feature selection sensitivity and false discovery rate
	ABCD study results

	Discussion
	Methods
	Model overview
	Prior Specification
	Posterior inference methods
	Variational inference method
	Markov Chain Monte Carlo inference method
	Inferring the Global Signal Architecture of Brain-Behavior Relationships
	Localized feature inference and selection
	Prediction
	Monte Carlo experiments
	Empirical application
	Multimodal imaging measures
	Child behavior checklist scores
	Participant inclusion
	Reporting summary

	Data availability
	Code availability
	References
	Acknowledgements
	Author contributions
	Competing interests
	Additional information




