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Abstract

Microstructural changes of white matter (WM) tracts are known to be associated with
various neuropsychiatric disorders/diseases. Heritability of structural changes of WM
tracts has been examined using diffusion tensor imaging (DTI) in family-based studies
for different age groups. The availability of genetic and DTI data from recent large
population-based studies offers opportunity to further improve our understanding of
genetic contributions. Here, we analyzed the genetic architecture of WM tracts using DTI
and single-nucleotide polymorphism (SNP) data of unrelated individuals in the UK
Biobank (n ~ 8000). The DTI parameters were generated using the ENIGMA-DTI
pipeline. We found that DTI parameters are substantially heritable on most WM tracts.
We observed a highly polygenic or omnigenic architecture of genetic influence across the
genome as well as the enrichment of SNPs in active chromatin regions. Our bivariate
analyses showed strong genetic correlations for several pairs of WM tracts as well as
pairs of DTI parameters. We performed voxel-based analysis to illustrate the pattern of
genetic effects on selected parts of the tract-based spatial statistics skeleton. Comparing
the estimates from the UK Biobank to those from small population-based studies, we
illustrated that sufficiently large sample size is essential for genetic architecture discovery

in imaging genetics. We confirmed this finding with a simulation study.

Keywords: SNP heritability; White matter tract; Tract-based spatial statistics skeleton;

UK Biobank; Genetic architecture

Complex brain functions rely on dynamic interactions between distributed brain areas
operating in large-scale networks. Consequently, the integrity of white matter
connections between brain areas is critical to proper function. Microstructural differences
in white matter (WM) tracts are associated with information processing speed and
intelligence (1-5) as well as neuropsychiatric diseases and disorders, such as Alzheimer's
disease (6), schizophrenia (7), attention-deficit/hyperactivity disorder (8) and anorexia
nervosa (9). A better understanding of factors influencing integrity of WM tracts could

have important implication for understanding the etiology of these diseases as well as
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individual variation in intelligence. To reveal the underlying genetic contributions to
human brain structure/function development and disease/disorder processes, the study of
imaging genetics on WM microstructure has been an active area of research over the past
fifteen years. The structural changes of WM tracts are usually measured and quantified in
diffusion tensor imaging (DTI; (10)). Brain diffusivity can be influenced by many aspects
of its micro- or macro-structures (11). To reconstruct the WM pathways and tissue
microstructure, DTI models the diffusion properties of WM using the random movement
of water. Specifically, DTI quantifies diffusion magnetic resonance imaging (dMRI) in a
tensor model, which allows us to calculate diffusions in all directions. A typical DTI
diagonalizes the tensor and calculates three pairs of eigenvalues/eigenvectors that
respectively represent one primary and two secondary diffusion directions. Within each
voxel, several DTI parameters can be derived from these eigenvalues: fractional
anisotropy (FA) and the mean (MD), axial (AD), and radial (RD) diffusivities. FA is the
normalized variance of these three eigenvalues that represents the directional diffusion.
As a summary measure of WM integrity (12, 13), higher FA means stronger
directionality in this voxel. MD is the mean of the three eigenvalues, which quantifies the
magnitude of absolute directionality. AD is essentially the eigenvalue of the principal
direction, and RD is the average of the eigenvalues of the two secondary directions. The
mode of anisotropy (MO), which is the third moment of the tensor, is also an interesting
parameter. A positive MO value reflects narrow tubular water diffusion, whereas a
negative value denotes planar water diffusion (14). There are several available
approaches for analyzing DTI data across the whole brain, including manual
region-of-interest (ROI) analysis, automated ROI analysis, voxel-based analysis, such as
tract-based spatial statistics (TBSS; (15)), as well as tractography and graph theory

analysis; see Tamnes, et al. (16) for a survey.

As an initial step, the magnitude of genetic influences (i.e., heritability) in various DTI
parameters of WM tracts, including FA, MD, AD, and RD, has been examined in
family-based studies across a wide age range, from neonates (17, 18), young children
(19), older children (20, 21), adolescents (22), and young adults (23) to middle aged (24)
and older adults (25). The participants in these studies are typically monozygotic and

dizygotic twins or family members. Table 1 of Vuoksimaa, et al. (24) lists 14 studies that
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illustrated that a substantial proportion of variance in DTI parameters (FA, MD, AD, and
RD) was explained by additive genetic effects. However, the genetic architecture of DTI
parameters remains largely unknown due to the limitation of family-based studies, for
which the heritability estimation has relied on contrasting the phenotypic similarity
between monozygotic and dizygotic twins. Genetic architecture denotes the

characteristics of genetic variations that contribute to the broad-sense heritability of a
phenotype (26). Different heritable human traits may have very different genetic
architecture. Based on the number of genetic variants contributing to phenotypic variance,
genetic architecture for a specific phenotype can be described as monogenic (one variant),
oligogenic (few variants), polygenic (many variants), or onmigenic, which hypothesizes

that almost all genetic variants have small but non-zero genetic contributions (27, 28).

The availability of genomic and polygenic data from recent large population-based
studies, such as the United Kingdom (UK) Biobank resource (29), offers the opportunity
to improve our understanding of genetic architecture. With data from genome-wide
association studies on population-based unrelated individuals, recent developments have
provided an alternative estimator of heritability by estimating the additive contribution of
all common single-nucleotide polymorphisms (SNPs) on phenotypic variance (30-32),
which is often termed SNP heritability. Instead of using the expected genetic correlation
based on pedigree information, SNP heritability is directly estimated from linear
mixed-effect models (LMMs) averaging across all (or a set of) common SNPs (minor
allele frequency [MAF] > 0.05 or 0.01). Since SNP heritability captures neither
non-additive genetic variation nor genetic variation that is not measured by the selected
genotyping microarray, it is usually viewed as a lower bound estimate for narrow-sense
heritability (33). Though some concerns remain, SNP heritability has been successfully
applied on various human traits, providing us with deeper insights into the genetic basis
of these phenotypes; see Yang, et al. (34) for an overview. Heritability is not a fixed
property of a phenotype, and its estimation may depend on non-genetic/environmental
factors. In addition, as illustrated in our simulation, the variance-component analysis used
in SNP heritability estimation usually requires a large sample size. For these reasons, the
UK Biobank resource provides a unique opportunity to conduct SNP heritability analysis

of brain WM tracts in one large-scale, relatively homogeneous population. The UK
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Biobank has captured data from over 500,000 original participants of middle or elderly
ages, and is currently in the process of following up with 100,000 of these participants to
perform brain MRI screening. Imaging data of the first 10,000 subjects have recently

been released for public research access (35).

Here, we used all common (MAF > 0.01) autosomal SNPs to estimate heritability of DTI
parameters in 21 main WM tracts, as well as in 42 WM sub-tracts. In addition to FA, AD,
RD, MD and MO, we examined the heritability of the two secondary diffusion direction
eigenvalues, respectively denoted as L2 and L3. All of these DTI parameters were
generated using the ENIGMA-DTI pipeline (36). We also refer to AD as L1, since AD is
essentially the eigenvalue of the primary diffusion direction. We partitioned genetic
variation into individual chromosomes to examine the distribution of genetic effects
across the genome. To assess the enrichment of SNPs in active chromatin regions, we
partitioned genetic variation according to cell-type-specific functional annotations (37).
We further examined the genetic correlation for several pairs of DTI parameters and their
relationship with the corresponding phenotypic correlation across WM tracts. We
estimated gender-specific heritability for each DTI parameter in the main WM tracts and
mapped the symmetric pattern of heritability in WM sub-tracts in the left and right
hemispheres. We also performed voxel-based analysis to illustrate the pattern of genetic
effects on selected parts of the TBSS skeleton. Finally, we performed simulations to
study the role of sample size in SNP heritability estimation and compared the results
obtained from the UK Biobank with those obtained from the Philadelphia
Neurodevelopmental Cohort (PNC, n ~ 600; (38)), and Pediatric Imaging,
Neurocognition, and Genetics (PING, n ~500; (39)) datasets. The results suggest that a
sufficiently large sample size is essential for genetic architecture discovery in future

studies.

RESULTS

SNP heritability by all common autosomal SNPs
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We first estimated the proportion of individual variability in DTI parameters of WM
tracts that can be explained by the additive effects of all common autosomal SNPs. We
used the GCTA tool set (30) to estimate the genetic relationship matrix (GRM) for SNP
heritability estimation, adjusting for fixed effects of baseline age, sex, and the top 10

genetic principal components.

Figs. 1-2 and Supplementary Figs. 1-8 display the SNP heritability estimates on the 21
main WM tracts. The associated standard errors and p-values from the one-sided
likelihood ratio tests are given in Supplementary Table 1. We adjusted for multiple
testing by using the Benjamini and Hochberg (40) procedure. Genetic factors account for
a moderate or large portion of the variance of DTI parameters in almost all WM tracts.
For example, genetic effects explained more than 60% of the total variance of FA in the
posterior limb of the internal capsule (PLIC), anterior corona radiata (ACR), superior
longitudinal fasciculus (SLF), cingulum cingulate gyrus, anterior limb of the internal
capsule, and genu of the corpus callosum (GCC); and explained between 60% and 50%
of the FA variance in the superior fronto-occipital fasciculus, retrolenticular part of the
internal capsule, external capsule, superior corona radiata (SCR), posterior corona radiata,
splenium of the corpus callosum (SCC), fornix/stria terminalis, sagittal stratum, inferior
fronto-occipital fasciculus, and posterior thalamic radiation. SNP heritability of FA
decreased to 28% and 22%, respectively, in the corticospinal tract (CST) and fornix (FX).
The heritability in the last two tracts was consistently reported to be low across previous
studies (23). The 42 WM sub-tracts, most of which are left/right pairs, also show SNP
heritability (Supplementary Table 1). Noticeable evidence of symmetry in SNP
heritability was observed on the WM sub-tracts (Supplementary Figs. 9-15).

The SNP heritability of FA, AD (L1), RD, MD, MO, L2 and L3 is similar to each other
on almost all WM tracts. We also estimated sex-specific heritability of each DTI
parameter on the 21 main WM tracts (Supplementary Figs. 16-22), and found
sex-specific modifications on SNP heritability on several WM tracts, but detected no
systematic pattern. And the distribution of SNP heritability was largely consistent across
all, female, and male individuals. According to the functions of the main WM tracts

(Connectopedia Knowledge Database, http://www fmritools.com/kdb/white-matter/), we
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clustered them into four communities: complex fibers (C1), associative fibers (C2),
commissural fibers (C3) and projection fibers (C4). We found that the set of WM tracts in
C1 and C3 tended to have higher SNP heritability than those in C2 and C4.

Partitioning genetic variation by chromosome

We partitioned the SNP data into individual chromosomes to examine the distribution of
SNP heritability across the genome. Specifically, we estimated the GRM using SNPs
from each chromosome (22 GRMs in total) and used each of these GRMs separately to
estimate the SNP heritability of DTI parameters. We found that the aggregated
heritability across all of the 21 main WM tracts explained by each chromosome was
linearly associated with the length of the chromosome (Fig. 3(a), R’=61.3%,
p-value=1.63*10""). These findings reveal a highly polygenic, or omnigenic genetic
architecture (28) of WM tracts and that SNPs that contribute to the variation in DTI

parameters are widely spread across the whole genome.

To further illustrate this architecture, we ordered and clustered the 22 chromosomes into
three groups by their lengths: long, medium, and short. The long group had 4
chromosomes, which together accounted for 33% of the length of the whole genome; the
medium group had 6 chromosomes, which accounted for another 33% of the length of the
whole genome; and the short group consisted of the remaining 12 chromosomes. Fig. 3(b)
shows the SNP heritability grouped by chromosomal length for each of the seven DTI
parameters. It is clear that longer chromosomes tended to have higher SNP heritability

than shorter ones for all DTI parameters.

Partitioning genetic variation by functional annotation

To assess the enrichment of SNPs in active chromatin regions, we partitioned the genetic
variation according to cell-type-specific annotations (37, 41). SNPs can be grouped
according to their general activeness in various cell groups. In our DTI analysis, we
particularly focused on the activeness in the central nervous system (CNS) cell group,

and thus clustered all SNPs into three groups: CNS_active, CNS_inactive, and
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always_inactive (see Online Methods for detailed definitions). We randomly selected the
same number of SNPs from each cell group and computed the heritability for each group
in each tract. We found strong evidence that on average SNPs residing in CNS-cell-active
chromatin regions (CNS_active) contributed much more to DTI heritability than other
SNPs. Moreover, SNPs in chromatin regions that remained inactive across all cell groups
(always_inactive) contributed much less to DTI heritability than SNPs residing in
chromatin regions that were active in at least one cell group, but not the CNS cell group
(CNS_inactive) (Fig. 4). This pattern remained consistent across all of the seven DTI

parameters, though larger variance was observed for the MO parameter.

Genetic correlation across DTI parameters and WM tracts

In bivariate analyses, we applied the BOLT-REML tool set (31) to estimate the genetic
correlation for several pairs of DTI parameters on each of the main WM tracts, adjusting
for the same set of covariates as in the univariate analysis. We verified that both FA and
RD had positive genetic correlation with AD (L.1) on most of the WM tracts, while FA
and RD had strong negative correlation on all of the main WM tracts (Supplementary
Fig. 23). Similarly, L1 had positive genetic correlation with L2 and L3 on many of the
main WM tracts, and L2 and L3 had strong positive correlation on all of the main WM
tracts (Supplementary Fig. 24). We further examined the relationship between these
genetic correlations and the corresponding phenotypic correlations across WM tracts.
Interestingly, a significant linear association with a slope close to one was found for each
of these pairs, which indicates that the estimated genetic correlations are robustly

proportional to the phenotypic correlations across WM tracts.

We also estimated the genetic correlation on pairs of the main WM tracts for each DTI
parameter (Fig. 5 and Supplementary Fig. 25). For MD and RD, substantive genetic
correlation was detected on many pairs of WM tracts; for AD (L1) and FA, the genetic
correlations were generally smaller compared to those of MD or AD and more
concentrated on pairs within C1 and C3. In particular, the three corpus callosum tracts,
the body of the corpus callosum (BCC), GCC and SCC, showed consistently strong

genetic correlations for each DTI parameter, except MO, which had few significant
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genetic correlations, representing a pattern that was distinct from those of the other DTI

parameters.

The role of sample size in SNP heritability estimation

We conducted the same SNP heritability analysis in the PNC and PING datasets, for
which the sample sizes were much smaller than that of the UK Biobank. Fig. 6 compares
the SNP heritability of all common autosomal SNPs for the 21 main WM tracts obtained
from the UK Biobank, PNC and PING datasets. The standard errors and adjusted
p-values from the one-sided likelihood ratio tests are given in Supplementary Tables 2
and 3 for PNC and PING, respectively. Perhaps due to the smaller sample size, SNP
heritability estimated in these two datasets had much larger variance compared to those in
the UK Biobank for all seven DTI parameters. In addition, SNP heritability in the PING
and PNC datasets tended to be close to the boundaries of its support (i.e., 1 or 0).
Different from the UK Biobank data, few main WM tracts in the PING or PNC data had
consistent SNP heritability across the seven DTI parameters. When we partitioned the
genetic variation by chromosome, the evidence of a highly polygenic (or onmigenic)
genetic architecture of DTI parameters was much weaker compared to what we observed

in the UK Biobank data (Supplementary Fig. 26).

To further explore this phenomenon, we performed simulations to study the role of
sample size in SNP heritability estimation. We examined the behavior of the restricted
maximum likelihood (REML) estimator in variance-component analysis of LMMs under
different ratios of sample size to the number of SNPs (SS ratio). Details of the simulation
setups are provided in the Online Methods. We found that as the SS ratio decreased,
though the REML estimator remained unbiased, the variance of the estimator increased
rapidly. In the simulation study, when the SS ratio became 0.01, the variance of the
REML estimator was too large for us to gain a reliable estimate (Supplementary Fig.
27).

Voxel-based analysis on TBSS skeleton


https://doi.org/10.1101/288555
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/288555; this version posted March 25, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY-ND 4.0 International license.

We selected the GCC, ACR, SCR, SLF and PLIC tracts to conduct voxel-based analysis
on the TBSS skeleton. Our tract-based analysis for the seven DTI parameters showed that
all five tracts are heritable. We first compared the empirical density of the tract-mean and
voxel-wise values of different DTI parameters on the GCC tract across subjects
(Supplementary Fig. 28), and found that the tract-mean and voxel-wise values of MO
have quite different density shapes. Supplementary Figs. 29-36 display the voxel-wise
SNP heritability estimates on the selected TBSS skeleton. For each DTI parameter, the
voxel-wise SNP heritability estimates are smaller than their tract-based estimates. In
particular, MO showed small SNP heritability estimates on GCC, ACR, SCR, and SLF,
which may be due to its non-Gaussian distribution of voxel-wise data. However, for the
other DTT parameters, some findings from the voxel-based analysis were indeed
consistent with those from the tract-based analysis. Voxel-based analysis also indicated
that the selected tracts are heritable for FA, AD (L1), RD, MD, L2 and L3
(Supplementary Figs. 37-38). And some pairs of heritability estimates of DTI
parameters were similar, such as those for FA and RD on GCC and PLIC
(Supplementary Figs. 39-40).

DISCUSSION

Heritability analysis usually serves as the initial step in imaging genetics, providing the
rationale for genetic association studies, which can identify specific genes and pathways
involved in the phenotype of interest. However, heritability analysis alone is not
sufficient to fully inform the design of such follow-up studies. Understanding the genetic
architecture, i.e., the shape of genetic contributions to phenotypic variance, can provide
important, complementary information. A large number of family-based neuroimaging
studies have documented that WM tracts are essentially heritable across the lifespan.
However, the landscape of genetic contributions to DTI parameters of WM
microstructures remains largely unknown. Here, our application of LMMs with
variance-component analysis (30, 31) on unrelated samples in the UK Biobank dataset
revealed the genetic architecture of WM tracts. Multiple insights were uncovered,
including the highly polygenic (or omnigenic) shape of genetic contributions, the

enrichment of SNP heritability in CNS-cell-active chromatin regions, the similarity of
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heritability of DTI parameters on WM tracts, and the symmetric pattern across the left
and right hemispheres. We also examined sex-specific heritability, genetic correlations on
pairs of DTI parameters and WM tracts, and the voxel-wise heritability on the TBSS

skeleton.

Though SNP heritability estimation is viewed as a lower bound of narrow-sense
heritability, our analyses with all common autosomal SNPs provided heritability
estimates close to the ones reported in family-based studies (Table 1 of (24)), and verified
that most of the WM tracts are significantly heritable, regardless of which DTI parameter
was used. These results may suggest that Genome-wide association studies (GWAS) of
DTI phenotypes using common genetic variants may be more informative than studies
focused on rare variants. It can be expected that future genetic analysis on heritable WM
tracts will facilitate gene exploration, risk prediction and heterogeneity dissection on WM
microstructures as well as the associated diseases/disorders. Complex and commissural
fibers generally have larger heritability than associative or projection fibers, and left/right
symmetry of heritability was observed across the whole brain. No systematic sex-specific
modification on SNP heritability was detected. Our results partitioning the genetic
variation in each chromosome shed light on a highly polygenic (or omnigenic) genetic
architecture for WM tracts, which is in parallel with the infinitesimal model (42). There is
strong linear correlation between the chromosomal length and the aggregate SNP
heritability that is accounted for by the chromosome; and longer chromosomes clearly
tend to have higher SNP heritability than the short ones. This finding indicates that for
GWAS of white matter integrity, large sample size will be needed to identify variants

with relatively small individual effect size.

On the main WM tracts, our findings provide strong evidence for the enrichment of
genetic signals in active chromatin regions, especially for those active in the CNS cell
type. The bivariate analysis of several pairs of DTI parameters shows that the genetic
correlation of two DTI parameters (such as L2 and L3) is highly associated with their
phenotypic correlation across WM tracts, after adjusting for the effects of fixed
covariates. That is, a large proportion of the similarity of two DTI parameters can be

consistently explained by their genetic similarity (R* >60% for all pairs), which may
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reflect the non-specificity of the diffusion parameters and these DTI parameters
consistently share very similar genetic bases across WM tracts. Perhaps for more
biologically relevant tissue parameters, such as free water, axon diameters, and
disambiguated anisotropies, genetic similarity would be less high. The genetic correlation
analysis on pairs of WM tracts also confirms a genetic link among WM tracts, especially
for the set of complex or commissural fibers, such as corpus callosum tracts BCC, GCC
and SCC.

Our heritability analyses reflect several methodological limitations of the current
approaches on population-based imaging genetic studies. First, similar to previous studies
(23), CST and FX were reported to have low SNP heritability, which may be due to the
fact that such small, tubular tracts cannot be well registered and reliably resolved with
current techniques (43). Second, heritability estimated by SNP data reflects narrow-sense
heritability, which only considers the additive genetic effects of common variants. The
genetic architecture may change as we broadly consider all genetic contributions (such as
rare variants and non-additive effects) in future studies. However, it is notable that with
common autosomal SNPs (MAF> 0.01) in the UK Biobank, we have gained heritability
estimates comparable to those reported in family-based studies. We performed
simulations to verify that the REML estimator commonly used in LMM-based
approaches requires a relatively large SS ratio. In practice, when we applied the SNP
heritability approach to the PING and PNC datasets, we observed no significant findings.
Similar concerns were mentioned in our previous report (44) on brain regional volumes.
Although our simulations demonstrate the importance of sample size, it is also important
to note that UK Biobank are primarily middle-aged/elderly samples while the PNC and
PING cohorts are primarily adolescents. Very different processes are at play on the WM
tracts for different datasets. For example, the myelin damage and loss, inflammation, as
well as axonal shrinkage are ongoing on UK Biobank samples; on the other hand,
myelination and axonal elimination occur in PNC and PING cohorts. Adjusting for age
separately in each dataset may not be enough to fully account for the aging heterogeneity
of these datasets. Therefore, the heritability differences among datasets should be
interpreted with caution. In addition, though the omnigenic model has been theoretically

developed and can help explain the genetic architecture of many complex human traits


https://doi.org/10.1101/288555
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/288555; this version posted March 25, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY-ND 4.0 International license.

(28,45, 46), more rigorous validations are needed to confirm this hypothesis. Finally, our
tract-based and voxel-based analyses on the MO parameter indicate that the LMM-based
SNP heritability estimation may be sensitive to the distribution of the phenotypes. LMMs
may have poor performance on non-Gaussian distributed phenotypes such as MO voxel
values. With sample sizes increasing in population-based studies, future research will be
required to overcome these limitations and improve our biological understanding of the

human brain.

URLs.
ENIGMA-DTT: http://enigma.ini.usc.edu/protocols/dti-protocols/;

Plink2, https://www.cog-genomics.org/plink?2/ ;

GCTA, http://cnsgenomics.com/software/gcta/ ;

BOLT-LMM, https://data.broadinstitute.org/alkesgroup/BOLT-LMM/ ;
MaCH-Admix, http://www.unc.edu/~yunmli/MaCH-Admix ;

LD Score Regression, https://github.com/bulik/ldsc/ ;

1000 Genomes, http://www .internationalgenome.org/ ;

UK Biobank, http://www.ukbiobank.ac.uk/resources/ ;

PING, http://pingstudy.ucsd.edu/resources/genomics-core.html ;
PNC,
https://www .ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study id=phs000607.v1.pl;

Connectopedia Knowledge Database, http://www.fmritools.com/kdb/;

Mango, http://ric.uthscsa.edu/mango/;

BrainNet Viewer, https://www nitrc.org/projects/bnv/.

METHODS
Methods are available in the Online Methods section.
Note: One supplementary information pdf file and one supplementary Excel file are

available.
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Participants and image preprocessing
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Datasets used in this paper are the UK Biobank, PNC, and PING. Detailed data
collection/processing procedures and quality control prior to the release of data are
documented at http://www .ukbiobank.ac.uk/resources/ for the UK Biobank,
http://pingstudy .ucsd.edu/resources/genomics-core.html for PING and

https://www .ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000607.v1.p1
for PNC. For each dataset, we used subjects with both DTI and SNP data available after
applying proper quality controls (see below).

DTI datasets of the UK Biobank were acquired at the 2*2*2 mm spatial resolution with
multiband acceleration factor of three (i.e., three slices are acquired simultaneously) and
two b-values (b = 1,000 and 2,000 s/mm?), anterior-to-posterior (AP) is the acquisition
phase-encoding direction. For each of these b-values, 50 diffusion-encoding directions
were acquired, and there were 100 distinct directions in total. The echo time (TE) was 92
ms and the repetition time (TR) was 3600 ms. The diffusion preparation was a standard
(mono-polar) Stejskal-Tanner pulse sequence. The shorter echo time (TE = 92 ms) can
enable a higher signal-to-noise ratio (SNR) than a twice-refocused (bipolar) sequence at
the expense of stronger eddy current distortions (47). We ran the TBSS-ENIGMA
pipeline (36) on DTIs with the FSL tool set (48). For DTI with a given diffusion strength
(b-values) and direction of the magnetic diffusion gradient (g-vectors), we first conducted
eddy correction (49), extracted the brain (50), and then fit a diffusion tensor model (10)
to obtain a scalar DTI map of FA, L1 (AD), L2,L3,MD, MO, and RD. We excluded
subjects whose FA images did not pass the standard imaging quality controls, and
removed outliers. Second, we used linear registration to register each of the FA images to
the Enigma FA template at 1*1*1 mm spatial resolution. We performed quality controls
again after registration and excluded subjects with bad registration. Next, we applied
nonlinear registration to align the linearly registered FA images to the ENIGMA FA
template and masked the registered FA with a template mask. Finally, we projected the
ENIGMA skeleton onto the registered FA images to skeletonize them and extract
ROI-based FA statistics. By transferring the individual L1, L2, L3, MD, MO, and RD
images to the FA template space, we obtained both voxel-wise skeleton and ROI-based
statistics of all these DTI parameters. An overview of our DTI pipeline is given in

Supplementary Fig. 41. The demographic information for the DTI datasets is listed in
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Supplementary Table 4. The DTTI dataset description for PNC and PING are described
in (38) and (39), respectively.

Genotyping

Genotype imputation was performed on the PNC and PING datasets. For the UK Biobank,
we used an unimputed SNP dataset, because the imputed SNP dataset has not been
released when we performed this study. We may obtain higher heritability estimates in
UK Biobank if imputed SNP data were available. However, previous study has found that
imputed SNP data did not show significant increases in SNP heritability estimation (51).
Standard quality controls were performed to ensure high quality of the SNP data. These

procedures were performed using the Plink tool set (52).

PNC Imputation

From the PNC database, 8722 participants were genotyped on one of the six different
platforms: 66 were genotyped on the Affymetrix array 6.0; 722 were genotyped on the
Axiom array; 556 were genotyped on the Illumina HumanHap 550 array version 1; 1914
were genotyped on the Illumina HumanHap 550 array version 3; 1657 were genotyped on
the Illumina HumanHap 610 array; and 3807 were genotyped on the Illumina Human
Omni Express array. We applied the quality control steps to each dataset separately,
which included removal of subjects with more than 10% missing values, removal of
SNPs (i) with more than 5% missing values, (i1) with MAF smaller than 5%, (iii) with
Hardy-Weinberg equilibrium test p-value < 1¥107°, and (iv) located on a sex chromosome.
We then employed MACH-Admix software (53) to perform genotype imputation, using
1000G Phase I Integrated Release Version 3 haplotypes (54) as a reference panel. We
also conducted quality control after imputation, excluding markers with (i) low
imputation accuracy (based on imputation output R?); and (ii) Hardy-Weinberg
equilibrium test p-value < 1#10°°. We combined the six datasets and retained the shared
SNPs. Finally, 5,354,265 bi-allelic markers (including SNPs and indels) from 8681

subjects remained for further analysis.

PING Imputation
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We applied the following preprocessing technique to the genetic data. The first-line
quality control steps were (1) call rate check per subject and per SNP marker, (i1) sex
check, and (ii1) sibling pair identification. The second-line preprocessing steps were
removal of SNPs (i) with more than 5% missing values, (i) with MAF smaller than 10%,
(iii) with Hardy-Weinberg equilibrium p-value < 1*10°, and (iv) located on a sex
chromosome. We thus had 539,865 SNPs from 1036 subjects for further processing. We
employed MACH-Admix software (53) to perform genotype imputation, using 1000G
Phase I Integrated Release Version 3 haplotypes (54) as a reference panel. We also
conducted quality control after imputation, excluding markers with (i) low imputation
accuracy (based on imputation output R?), and (ii) Hardy-Weinberg equilibrium p-value
< 1¥10°. Finally, 10,883,584 bi-allelic markers (including SNPs and indels) from 1036

subjects were retained for data analysis.

Quality control on UK Biobank, PING and PNC

On each SNP dataset, we further selected subjects with available DTI data. We then used
all autosomal SNPs and again applied the standard quality control procedures: excluding
subjects with more than 10% missing genotypes, only including SNPs with MAF > 0.01,
with genotyping rate > 90%), and passing Hardy-Weinberg test (P > 1*10”). We further
removed non-European subjects, if any. In PING, we only used biologically unrelated
subjects. After quality control, we calculated the GRM by all SNPs and by SNPs on each
chromosome separately using the GCTA tool set (30). To avoid including closely related
relatives, we excluded one of any pair of individuals with estimated genetic relationship
larger than 0.025. The sample sizes of the datasets after conducting all quality control

procedures are listed in Supplementary Table 5.

Heritability analysis

First, for each DTI parameter, we estimated the proportion of variation explained by all
autosomal SNPs with a LMM in each WM tract. There are 63 tracts (21 main tracts and
42 sub-tracts) and seven DTI parameters. The formal setting of the LMM and definition
of likelihood ratio test statistics can be found in (30). The basic idea is to fit the GRM

with random effects to the phenotypic measure, while adjusting for other covariates with
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fixed effects. The GRM was the correlation matrix of participants estimated by the
common genetic variants, which was expected to capture the genetic similarity among
unrelated individuals. Then the heritability of a phenotype was estimated by contrasting
the genetic similarity among individuals with their phenotypic similarity. Baseline age,
gender indicator, and the top 10 principal components of GRM were included as
covariates. Besides the combined sample, we fitted the LMM separately on female and
male samples in the UK Biobank dataset. Voxel-wise skeleton analysis was performed on
selected heritable main WM tracts. Second, we partitioned the genetic variation by each
chromosome. We estimated the GRM of each chromosome and fitted each of them
separately on each tract and each DTI parameter. The same set of covariates was included
in these LMMs. Next, in each tract, we performed bivariate genetic correlation analysis
for the set of DTI parameters L1 (AD), L2, L3 and the set FA, RD, MD, MO. The formal
setting of the bivariate LMM and definition of genetic correlation can be found in (31,
55). Similarly, we performed pairwise genetic correlation analysis on the main WM tracts

for each of the DTI parameters.

Finally, we fitted linear models between the length of a chromosome and the aggregate
heritability across all WM tracts and all DTI parameters. We further ordered and
clustered the 22 chromosomes into three groups according to their lengths: long (CHRs 2,
1,6,3), medium (CHRs 4,5,7,8,10,11), and short (the other CHRs). We also clustered the
tracts according to their biological functions. The heritability distribution across these

communities was displayed using the R package circlize (56).

Functional annotation of genetic signals

We obtained cell-type-specific active chromatin annotations per SNP from (37) and (28).
According to (37), we performed functional annotation analyses using cell-type-specific
annotations marked by four histones: H3K4mel, H3K4me3, H3K9ac and H3K27ac.
Each cell-type-specific annotation corresponded to a histone mark in a single cell type,
and there were 220 such annotations. The 220 cell-type-specific annotations were further
divided into ten groups, including adrenal gland and pancreas, CNS, cardiovascular

system, connective tissue and bone, gastrointestinal, immune and hematopoietic systems,
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kidney, liver, skeletal muscle and other. The SNPs were divided into three
non-overlapping groups according to their activeness in the ten cell-type groups:
CNS_active, CNS_inactive and always_inactive. A SNP was labeled “CNS_active” if it
was annotated as active in the CNS cell-type group. A SNP was labeled “CNS_inactive”
if it was annotated as inactive in the CNS cell-type group, but was active in at least one of
the other cell-type groups, and SNPs that were not active in any cell type were labeled
“always_inactive”. As the number of SNPs in each group was different, we randomly
selected the same number of SNPs from each cell group and computed the heritability for
each group in each tract. We generated 50 randomly selected SNP datasets and calculated

the mean of these 50 heritability estimates in each tract.
Data availability
Links to all datasets (UK Biobank, PNC and PING) that support the findings of this study

are provided in the URL section. Researchers can apply to use these datasets for

health-related research that is in the public interest.
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Figure Legends

Figure 1. SNP heritability of 21 main WM tracts grouped by tract functions from the UK
Biobank dataset.

Figure 2. SNP heritability of 21 main WM tracts from the UK Biobank dataset.

Figure 3. SNP heritability of 21 main WM tracts by each chromosome from the UK
Biobank dataset.

Figure 4. SNP heritability of 21 main WM tracts by category of SNPs according to CNS

functional annotations from the UK Biobank dataset.

Figure 5. Genetic correlation in pairs of main WM tracts grouped by tract functions.

Figure 6. Comparing SNP heritability of 21 main WM tracts from the UK Biobank, PING
and PNC datasets.
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Figure 1: SNP heritability of 21 main WM tracts grouped by tract functions from the UK
Biobank dataset.
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Figure 2: SNP heritability of 21 main WM tracts from the UK Biobank dataset.
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Figure 3: SNP heritability of 21 main WM tracts by each chromosome from the UK Biobank
dataset.
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Figure 4: SNP heritability of 21 main WM tracts by category of SNPs according to CNS
functional annotations from the UK Biobank dataset.
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Figure 5: Genetic correlation in pairs of main WM tracts grouped by tract functions.
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Figure 6: Comparing SNP heritability of 21 main WM tracts from the UK Biobank, PING
and PNC datasets.
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