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Abstract
Brain structure and many brain functions are known to be genetically controlled, but direct links

between neuroimaging measures and their underlying cellular-level determinants remain largely

undiscovered. Here, we adopt a novel computational method for examining potential similarities in

high-dimensional brain imaging data between siblings. We examine oscillatory brain activity mea-

sured with magnetoencephalography (MEG) in 201healthy siblings and apply Bayesian reduced-

rank regression to extract a low-dimensional representation of familial features in the participants'

spectral power structure. Our results show that the structure of the overall spectral power at

1–90 Hz is a highly conspicuous feature that not onlyrelates siblings to each other but also has very

high consistency within participants' own data, irrespective of the exact experimental state of the

participant. The analysis is extended by seeking genetic associations for low-dimensional descrip-

tions of the oscillatory brain activity. The observed variability in the MEG spectral power structure

was associated with SDK1(sidekick cell adhesion molecule 1) and suggestively with several other

genes that function, for example, in brain development. The current results highlight the potential of

sophisticated computational methods in combining molecular and neuroimaging levels for exploring

brain functions, even for high-dimensional data limited to a few hundred participants.
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1 | INTRODUCTION

Noninvasive brain imaging can, at its best, provide very detailed mea-

sures of brain anatomy and function, and of connectivity between

different brain areas, but yields very little information on the cellular-

level functions behind the measured phenomena. If variation of

neuroimaging features could be associated with genetic variability, it

would offer a link to their molecular-level descriptions and promote

better understanding of the significance of neuroimaging measures in

brain development, functioning and, eventually, in neurological

pathologies.

The search for genetic associations of high-dimensional brain

imaging features is challenging especially due to the typically small

experimental group sizes, resulting in weak statistical power (Hibar,
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Kohannim, Stein, Chiang, & Thompson, 2011). So far, genetic connec-

tions to brain imaging have mainly been sought by associating single-

nucleotide polymorphisms (SNPs) of predefined candidate genes with

neuroimaging measurements, especially in clinical populations (Egan

et al., 2001; Meyer-Lindenberg, 2010) but increasingly also in healthy

participants (Darki et al., 2017; Mueller, Makeig, Stemmler, Hennig, &

Wacker, 2011; Smolka et al., 2005). Recently, unrestricted genome-

wide linkage and association analyses have successfully been applied

to neuroimaging phenotypes, but so far mainly to fairly simple and

prevalent imaging measures, such as the different cortical rhythms

(Malone et al., 2014; Porjesz et al., 2002; Salmela et al., 2016; Smit

et al., 2017), and auditory evoked responses (Renvall et al., 2012).

An especially prominent feature among human cortical functions

is the brain's background activity that covers a wide range of frequen-

cies, including delta (1� 4 Hz), alpha (� 10 Hz), beta (� 20 Hz), and

gamma (� 30 � 200 Hz) bands, featuring both salient rhythmicity and

more arrhythmic patterns. The spectral power at delta, alpha, and beta

bands has been shown to be highly heritable (Hodgkinson et al., 2010;

Salmela et al., 2016; Smit, Posthuma, Boomsma, & Geus, 2005; Smit,

Wright, Hansell, Geffen, & Martin, 2006; Van Baal, De Geus, &

Boomsma, 1996; Van Beijsterveldt, Molenaar, De Geus, & Boomsma,

1996; Vogel, 1970; Young, Lader, & Fenton, 1972), but still relatively

little is known about the underlying genome-level correlates. The

most salient of these intrinsic oscillations are the parieto-occipital

10 Hz alpha rhythm and the rolandic somatomotor mu rhythm with

distinct 10 and 20 Hz components (for a review, see, e.g., Hari & Sal-

melin, 1997). Both of these rhythms are strongly dependent on the

participant's state: for example, the alpha rhythm is attenuated by

opening of the eyes, it is modulated by tasks that require visual atten-

tion and working memory (Jensen, Gelfand, Kounios, & Lisman, 2002;

Tuladhar et al., 2007), and the somatomotor mu rhythm reacts to

movement execution and observation (e.g., Hari et al., 1998; Salme-

lin & Hari, 1994). Both of the rhythms thus appear to have important

functional roles instead of only reflecting cortical idling (for a review,

see, e.g., da Silva, 2013).

In the present study, we aim at utilizing cutting-edge computa-

tional tools for finding both maximally familial and heritable features

from high-dimensional brain imaging data. We study the wide-band

cortical power spectral structure measured with magnetoencephalog-

raphy (MEG) in siblings, and establish its potential genetic correlates.

We particularly seek to find basic features of the MEG spectral power

that would not depend on the participants' exact state. We thus

included in the analysis MEG signals recorded in different experimen-

tal conditions known to produce variability at the prominent fre-

quency bands (eyes closed, eyes open, simple hand movements). To

account for the high dimensionality of both neuroimaging and genetic

data, we apply a new Bayesian reduced-rank regression (BRRR)-based

association study method (Gillberg et al., 2016). Reduced-rank regres-

sion methods have been shown to achieve high power in genome-

wide association studies (GWASs) even when the phenotype

dimensionality exceeds the number of participants (Le Floch et al.,

2012; Vounou et al., 2012; Vounou, Nichols, & Montana, 2010). We

determine a low-dimensional representation of the MEG spectral

power structure that is maximally informative about the relations

between the participants. BRRR is subsequently applied for searching

for genome-wide associations of the high-dimensional MEG spectral

power structure, from which it is able to extract heritable compo-

nents. This demonstrates that association studies for high-dimensional

phenotype can be enabled by extracting lower-dimensional descrip-

tions of the phenotype in a data-driven manner. This approach com-

plements association studies of well-known phenotypes that are

derived from the raw data, such as the alpha rhythm.

2 | METHODS

2.1 | Participants

Altogether, 210 Finnish-speaking adults, siblings from 100 families,

participated in the study (eight families with three siblings, one family

with four). The participants were 30 � 1 (SEM) years old (148 females

and 62 males). Monozygotic twins were excluded from the study.

Then, 206 participants were right-handed, three ambidextrous, and

one left-handed. None of the participants had a history of neurological

or psychiatric disorders. All participants gave their written informed

consent, and the study had a prior approval from the Ethics Commit-

tee of the Hospital District of Helsinki and Uusimaa.

2.2 | MEG recordings

Spontaneous cortical activity was recorded while the participant was

seated in the magnetically shielded room of the Aalto NeuroImaging

MEG Core, with the head covered by the helmet-shaped 306-channel

Vectorview neuromagnetometer (Elekta Oy, Helsinki, Finland) that

contains 204 gradiometers and 102 magnetometers. Four head-posi-

tion-indicator coils were attached to the scalp, and their positions

were measured with respect to three anatomical landmarks (nasion

and two preauricular reference points) using a three-dimensional digi-

tizer, and to the sensor array by briefly feeding current to the marker

coils. The measurement consisted of three experimental conditions,

with 3 min of data collected for each: (a) eyes closed (hands relaxed),

(b) eyes open (hands relaxed), and (c) eyes open and clenching of

hands � once per second. Furthermore, to estimate the stability of

the recorded brain activities, the study was replicated twice for two

participants, with several months between the measurements.

The MEG signals were band-pass filtered to 0.03–200 Hz and

sampled at 600 Hz. For external artifact suppression, a signal space

separation method (Taulu & Kajola, 2005) was applied, and each indi-

vidual MEG recording was transferred to the same head position using

a signal space separation-based head transformation algorithm (Taulu,

Kajola, & Simola, 2004), implemented in MaxFilter software

(Elekta Oy).

The data analysis was performed on the 204 gradiometer signals.

The power spectra in all experimental conditions were estimated using

a periodogram of the same length as the input data within MATLAB-

function bandpower, applying a Hamming window. The power spectra

were estimated starting from 1 to 3 Hz and widened linearly up to

81.8 � 87.8 Hz, resulting in altogether 21 frequency bands. The band

containing 50 Hz was omitted to remove power-line interference.
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One sibling pair was left out of the analysis due to noisy data of one

sibling.

2.3 | Genotyping

Autosomal genotypes of the studied individuals were obtained as

described earlier by Renvall et al. (2012) and Salmela et al. (2016). In

short, genomic DNA extracted from blood samples was genotyped on

Affymetrix 250K StyI SNP arrays (Affymetrix, Santa Clara, CA) accord-

ing to manufacturer's instructions. The genotypes were then filtered

in Plink (version 1.07; Purcell et al., 2007) based on quality measures

of genotyping success (>98% per marker and >95% per individual),

minor allele frequency (>5%), and Hardy–Weinberg equilibrium

(p > .0001 in either of two subsets of 98 unrelated samples). Pairwise

relatedness of individuals was checked based on allele sharing, indicat-

ing no obviously deflated or inflated relatedness. Individuals whose

siblings failed to pass the quality controls were removed as well. The

final number of autosomal SNPs was 150,217, while the overall geno-

typing success rate was 99.8% and the lowest success rate per indi-

vidual was 97.9%. In the end, high-quality genotype and MEG data

were available for 201 participants, coming from 97 families.

2.4 | Data analysis

In the following, the MEG data are presented in matrix Y with

N = 201 rows (participants) andP = 4,284 columns (204 MEG gradi-

ometers × 21 frequency bands), and the family identifiers in matrix

F with N rows and M = 97 columns. Themth column of F, denoted by

f:,m, is a binary vector consisting of 1s for members of familym and 0s

for the other participants. The genotype is represented as a matrix

G with N rows and D = 150,217 SNPs. Each genotype matrix column

g:,s indicates the number of minor alleles for each participant in the

specific SNP.

We are interested in analyzing both the familial characteristics of

the MEG power spectrum, that is the distribution p(Y| F), as well as

the heritable effects p(Y| G). As both P and D are at least an order of

magnitude larger thanN, the problem needs to be regularized in order

to maintain statistical strength. With the knowledge that the variables

of Y are highly (spatially) correlated, we apply reduced-rank regression

that gives a low-dimensional projection of the data. Performing a stan-

dard regression (or correlation-based) analysis for a low-dimensional

description of Y (such as principal components [PCs]) would be possi-

ble as well, but it would not allow taking into account the covariates F

and G in the dimensionality reduction. The study participants were all

of Finnish Caucasian origin and their genotyping data were exten-

sively quality-controlled for in a previous study (Renvall et al., 2012).

Population admixture or marker biases were excluded. In the follow-

ing, the analysis steps are described in more detail.

2.5 | Bayesian reduced-rank regression

We first aim at revealing which parts of the MEG power spectrum are

similar between siblings. We utilize here BRRR (Gillberg et al., 2016),

which simultaneously can predict Y given F, as well as learn a

description of the latent (familial) features of Y. The BRRR model is

defined as

Y ¼ F� + �ð Þ� + E, ð1Þ

where � M × K is a low-dimensional regression coefficient matrix con-

taining the familial values of the latent features, � K × P is a projection

of the latent space to the MEG channels and frequency bands (the

observational space). Here,K is a model parameter, chosen by the

user, that determines the complexity of the model, and the product

�� is a standard regression coefficient matrix� with rank K. � N × K

contains unknown factors representing noise in the latent (K-dimen-

sional) space, andEN × P describes residual noise in the observation

space—in this case, also the differences between siblings. Specifying

the noise models in this way is useful particularly when noise is corre-

lated with signal (as in this case across the channels), as demonstrated

by Gillberg et al. (2016). Any categorical and numeric variables, such

as gender and age, could be included in the covariate matrix in Equa-

tion (1), but here we use only the family identifier matrix F to focus on

inferring familial features.

The regression and projection coefficients are given shrinkage

priors presented by Gillberg et al. (2016); these aid in solving the

identifiability problem inherent in reduced-rank regression by placing

the strongest effects in the first components. Specifically, each col-

umn � :k and row � k,: is given the prior N 0,� � 1
k I

� �
, where � k ¼

Q k
l¼1� l,

with � 1 � G (10,1) and� l > 1 � G (4.1,1), with N denoting the normal dis-

tribution and G denoting the Gamma distribution, parameterized by

shape and rate. As the Gamma distributions have positive expected

values, the precisions� k increase with k and limit later components to

vary less than the earlier ones. Furthermore, a small fixedK is used to

control the model complexity, and hence only low noise levels are

assumed: elements ofE and � are set to have mean 0 andSD0.1 and

10� 6� � 1
k , respectively. For model inference, we initialize the� and �

such that the family identifiers explain maximal amount of variance in

Y, that is, according to linear discriminant analysis, each component

explaining less variance than the previous one. This kind of informed

initialization allows the sampling to converge rapidly. The parameters

are inferred using Gibbs sampling with 500 iterations, discarding the

first 250 as a burn-in period. The proportion of total variance

explained by the covariates approximately converged within the burn-

in period of 250 Gibbs samples.

As only the family identifier matrix F is used as a covariate in

Equation (1), the model cannot differentiate siblings within families,

and only aims to maximally explain differences between the families.

This leads to the rows of � directly revealing features that are maxi-

mally different between families, as well as maximally similar within

families. To evaluate the ability of BRRR to discriminate between fam-

ilies, we perform cross-validation such that � is learned from training

data (90% of the families) and the similarity of the test participants is

estimated in the latent space Y� � 1. This process is illustrated in

Figure 1. If the model is successful in extracting heritable components,

siblings should be located nearby in the latent space (as measured by

L1 distance). We examine the performance separately in the three

experimental conditions, and by using MEG data fragments of differ-

ent lengths. We also test how consistently � identifies the same
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