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a b s t r a c t

The study of genetic influences on brain connectivity, known as connectome genetics, is an
exciting new direction of research in imaging genetics. We here review recent results and
current statistical methods in this area, and discuss some of the persistent challenges and
possible directions for future work.
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1. Introduction

The human brain is one of the most intensely studied objects in modern science, yet much about its structure and
function is still poorly understood. Despite the efforts of generations of researchers, and the creation of numerous disciplines
specializing in particular aspects of the brain, the complexity of neurophysiology andhumanbehavior have stymied attempts
to develop a comprehensive model to describe brain structure, brain function, and cognition. Imaging genetics is a relatively
recent direction of study, which seeks to determine the genetic factors that significantly influence the brain and behavior.
Initially motivated by the study of neurological diseases such as Alzheimer’s disease (AD) and schizophrenia, the scope of
imaging genetics has been expanded to consider nearly all aspects of the brain and cognition.

We here review recent developments in statistical methods for imaging genetics, with a specific focus on the analysis
of genetic influences on brain connectivity, sometimes referred to as ‘‘connectome genetics’’. To date, relatively few studies
have considered the genetic influences of brain connectivity, although there is growing interest in this area due to continued
findings supporting the importance of brain connectivity for many aspects of cognition. An important survey of this topic
was given a few years ago in Thompson et al. (2013), which introduces the essential concepts and modeling approaches for
connectome genetics, and summarizes the key results in the field up to that point. Following the comprehensive exposition
given there, this review presents a selection of recent methods and results in connectome genetics. Interested readers may
also refer to the contemporaneous review by Nathoo et al. (2017) which considers other general statistical methods for
imaging genetics.

2. Brain connectivity

Commonly used technologies in current neuroimaging studies include structural and functional magnetic resonance
imaging (MRI and fMRI), electroencephalogram (EEG), magnetoencephalogram (MEG), and diffusion tensor imaging (DTI).
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Since each of these imaging modalities measures a different set of neural features or phenomena, they may differ in their
effectiveness in answering particular scientific questions. For instance, fMRI measures changes in the blood oxygen level
over time in over 5×105 voxels throughout the brain (Lindquist, 2008), with very high spatial resolution (typically less than
3 mm), but poor temporal resolution (around 2s). In contrast, EEG measures the collective cortical activity of populations of
neurons via 64–256 electrodes placed on the scalp (Ombao et al., 2016), allowing for a high temporal resolution (1 kHz) at
the cost of spatial resolution. Instead of measuring dynamic brain activity, structural imaging methods provide information
about the physical relationship of brain regions, such as DTI, which measures the structure and orientation of the brain’s
white matter fiber tracks via the diffusion of water molecules through the entire brain volume (Basser et al., 1994).

It is now generally understood that higher-level cognitive processing (e.g., in memory retrieval, decision making)
critically depends on the interaction and transfer of information between many localized regions. Numerous different
methods for calculating brain connectivity have been proposed, but the reliability, interpretation, and relationship of these
different measures is not well established (Fiecas et al., 2013). There are three concepts of brain ‘‘connectivity’’ that have
been of interest, namely structural, functional, and effective connectivities. Structural connectivity refers to the anatomical
connections between brain regions, measured using DTI or structural MRI. Functional connectivity is a symmetric and
undirected measure of concordant activity between brain regions, commonly calculated as Pearson’s correlation, partial
correlation, coherence, or partial coherence between the activation signals of two regions (Fiecas and Ombao, 2011).
Modalities used for functional connectivity studies include fMRI, EEG, and MEG. By contrast, effective connectivity is a
directedmeasure of howpast activity in one regionmay influence the future activity of another region. Effective connectivity
is closely related to Granger causality and is often estimated with a vector autoregressive (VAR) model (Gorrostieta et al.,
2013; Chiang et al., 2017).

In studying the etiology of neurological diseases such as Alzheimer’s, schizophrenia, and autism spectrum disorders,
significant linkswith these forms of brain connectivity have been consistently shown (Woodward and Cascio, 2015). There is
also evidence that dynamic characteristics of brain connectivity, and not just global measures of connectivity over an entire
experiment, are also important for understanding brain function. Formally defining and modeling dynamic connectivity
has motivated the development of new statistical methods. Current approaches for modeling dynamic connectivity include
sliding window methods (e.g., Chang and Glover, 2010), graphical Bayesian modeling (Warnick et al., 2017) change-point
detection via VAR models (Kirch et al., 2015), and hidden Markov switching-VAR models (Samdin et al., 2017). A full
treatment of current dynamic connectivity methods is outside the scope of this review, but we briefly describe recent work
in this area by our collaborators. Ting et al. (2017) proposed modeling dynamic connectivity with a so-called ‘‘regime-
switching’’ factor model (SVAR). A three-step procedure for fitting this model (for a single subject) is described. (1) Compute
initial estimates of connectivity subspaces shared across regimes using a stationary factor model; (2) apply a factor SVAR
model, and identify regime boundaries with a switching Kalman filter to partition the neural signal into a small number
of distinct states; (3) finally, use the low-dimensional factor representations for each regime to estimate within-regime
effective connectivity. This model is able to detect abrupt changes in mental state, such as might occur in an experiment
with varied cognitive demands, and is also able to estimate recurring states over the course of the experiment.

3. Imaging genetics

Human traits, including neural, cognitive, and behavioral traits, are shaped by genetics and environmental factors through
a number of complex biological processes. In the past few decades, single nucleotide polymorphisms (SNPs) have become
one of the most commonly measured forms of genetic data, as they are abundant (about 10 million in the human genome),
stable, and easy to measure. Each SNP is a single DNA location (nucleotide) that exhibits relatively high variation between
individuals, and are measured as alleles, which are typically encoded as a 0, 1, and 2 respectively, and treated numerically.
Many complex traits are believed to depend on higher-order interactions between collections of SNPs, but determining these
relationships is often difficult, and in practice it is often necessary to restrict attention to only the additive effects of SNPs.
The proportion of variance of an observed trait that is accounted for by the additive effect of genome-wide SNPs is referred
to as narrow-sense heritability, denoted h2.

Some hallmark successes in genetics have come from the study of prominent neurological and psychological diseases,
such as Parkinson’s disease, Alzheimer’s disease, and schizophrenia. For each of these diseases, many significant genetic risk
factors of relatively large effect have been found, which have in turn led to improved understanding of the mechanisms of
action for these diseases, and have even resulted in promising gene therapies for Parkinson’s disease (Palfi et al., 2014).
Initially motivated by these promising results, the field of imaging genetics has expanded to now consider a number of
different neural disorders and many facets of cognition in healthy-individuals. We mention a few recent results to illustrate
the breadth of current research. The study by Bohlken et al. (2016) found that global reductions in white matter, which
underpin structural connectivity, are largely explained by genetic risk factors for schizophrenia. In very recentwork by Sudre
et al. (2017), a study of families with histories of attention-deficit/hyperactivity disorder (ADHD) found significant genetic
heritability for the default mode, cognitive control, and ventral attention networks. An analysis of 161 twin pairs found
significant heritability of anatomical connectivity measured with DTI, and identified significant differences in heritability
across subnetworks (with average heritability over all white matter tracts estimated at around 30% (Shen et al., 2014). With
data from 1320 unrelated, young, healthy adults, Ge et al. (2016) demonstrated that several characteristics of brain structure
are genetically heritable, such as brain volume and neuroanatomical shape. Using resting-state fMRI data from twins and
non-twin siblings, Vidaurre et al. (2017) found evidence of significant heritability for certain characteristics of dynamic
connectivity patterns; this is one of the few studies to date to have considered the heritability of dynamic connectivity.
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4. Statistical methods for imaging genetics

4.1. Association testing

For many cognitive phenotypes, there is currently little prior information on heritability estimates, important genetic
factors, and functional relationships. Given this lack of prior knowledge regarding the likely presence of significant
genetic influences, global association testing is a convenient approach to quickly evaluate the strength and significance of
genetic factors on a particular observed trait. In genome-wide association studies (GWAS), the random effects (or variance
components) model has become a standard approach to estimating the heritability of complex traits (Liu et al., 2007),
popularized in recent years by the Genome-wide Complex Trait Analysis (GCTA) software (Yang et al., 2010). In this
approach, the effect of an individual genetic variant is treated as a random quantity, rather than a fixed parameter, so that
the genetic effects of a large number of SNPs are parameterized by a small number of variance components. As a result of
this, the number of genetic variants studied is not required to be less than the sample size. This method is closely related to
semi-parametric kernel regression methods, which can flexibly model non-additive effects of SNPs. Motivated by imaging
genetics applications, this has also been extended to model the heritability of multi-dimensional phenotypes, such as brain
activation or shape (Ge et al., 2016). For simple association testing with the variance components model, a score test is often
used since it does not require fitting the model, and generally performs well when effect sizes are small.

Distance-based testing methods, which include the Mantel test, RV coefficient, and the distance-covariance test, are a
common class of methods to test for global association between two sets of features using the pairwise distance or similarity
between observations in each feature set. These methods can easily accommodate data of arbitrary dimension, and are
generally straightforward to implement and interpret. In our recent work, we have found that Mantel’s test, using the L2
inner product to measure similarity, is equivalent to the global association test from the random effects model (Pluta et al.,
2017). By adopting other similarity measures, such as weighted inner products or non-linear kernels, the Mantel test can
also be used to conduct global association testing corresponding to other types of models or other proposed approaches,
e.g. multivariate distance matrix regression, pseudo F-tests, and kernel-based tests. The flexibility of this method makes it
possible to test a wide variety of relationships and data types in a common framework. For details on generalizations and
applications of distance-based methods, see Schaid (2010), Pan (2011), Zapala and Schork (2012) and Ge et al. (2016).

Although distance-based methods have many attractive features, there is evidence that they are not suitable for high-
dimensional data in some settings. Alternative methods referred to as the ‘‘sum of powered correlation’’ (SPC) and ‘‘sum
of powered score’’ (SPU) tests have been proposed as more appropriate for the high-dimensional testing encountered in
imaging genetics. Versions of these tests have been shown to perform better than distance-basedmethods in simulation (Xu
et al., 2017), but it is not clear if these tests are superior in all settings.

4.2. Inferential modeling

Inferential modeling for imaging genetics is statistically challenging, in part due to the extremely high-dimension of the
feature spaces, thus application of dimension reductionmethods is often necessary for effective statistical analysis of imaging
and genetics data. Commonly used data-driven methods include principal component analysis (PCA), and independent
component analysis (ICA) (Liu et al., 2009). Although these methods have proven effective for many applications, that
extracted leading components do not necessarily capture the most significant associations. In contrast, simultaneous
dimension reduction methods, such as partial least squares (PLS), canonical correlation analysis (CCA), reduced rank
regression (RRR), and parallel ICA (Ahn et al., 2015), perform dimension reduction jointly on responses and covariates,
consider the joint relationships of the feature sets, andmay be preferred for analysis of imaging genetics data. Regularization
methods developed from ridge regression and the LASSO have beenwidely used in these contexts as well (Tibshirani, 1996).

Tensor regression has been developed as a formal model for multi-array data that utilizes a low-rank tensor decomposi-
tion (such as PARAFAC) to reduce dimensionality (Zhou et al., 2013; Guhaniyogi et al., 2016). This approach has a number
of advantages. Because the low-rank representation is estimated from the model, the extracted features are more likely
to retain significant relationships in the data. Furthermore, the tensor decomposition can directly incorporate some of the
inherent structure in the data, such as the spatial organization in neuroimaging data. This is an important distinction from the
commonly used PCA, which is a similar dimension reduction method, but which requires the imaging data to be vectorized,
thereby destroying the spatial structure. Incorporating regularization methods, such as the LASSO, is also straightforward.
Tensor regression is potentiallywell-suited tomodeling connectivity, which is naturallywritten as amatrix, or possibly even
dynamic connectivity, although these applications of tensor regression have not yet been thoroughly studied.

5. Discussion

Despite substantial technological and methodological progress in recent years, imaging genetics studies are still difficult
and expensive to design, implement, and analyze. Perhaps the biggest statistical challenge in practice is that, while the
dimensionality of the feature space is potentially in the hundreds of thousands, sample sizes for these studies are typically
around 1000 subjects, and sometimes are much smaller. False positives, spurious results, and underpowered studies are
serious issues when considering the reliability and reproducibility of imaging genetics results. As the number of relevant



86 D. Pluta et al. / Statistics and Probability Letters 136 (2018) 83–86

studies continues to grow,meta-analysesmay be valuable in validating and refining existing results. Similarly, aswe develop
a better understanding of the types of relationships exhibited by neuroimaging and genetic data, this prior information can
be used to improve the efficiency of the analysis. For example, results from the genetics literature suggest including linkage
disequilibrium or SNP minor allele frequencies to boost the signal from significant genetic markers (Lasky-Su, 2017).

Data integrationmethods within an individual study offer another strategy for improving efficiency and power, as differ-
ent imaging modalities often measure complementary characteristics of brain function. One possibility is to simultaneously
acquire neuroimaging measures, such as fMRI and EEG, and leverage the advantages of both in the analysis. However, there
are technical issues with this approach. Alternatively, one could consider combining information from separately (non-
contemporaneously) recorded data on the same subjects. Examples of this include fusing fMRI and DTI data in estimating
brain connectivity, and using structural connectivity from DTI to construct informative priors when estimating resting state
functional connectivity from fMRI (Kang et al., 2017; Chiang et al., 2017).
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