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Abstract

The contribution of genetic interactions involving three or more loci to complex traits is poorly
understood. Because these higher-order genetic interactions (HGIs) are difficult to detect in
genetic mapping studies, very few examples of them have been described. However, the lack of
data on HGlIs should not be misconstrued as proof that this class of genetic effect is unimportant.
To the contrary, evidence from model organisms suggests that HGIs frequently influence genetic
studies and contribute to many complex traits. Here, we review the growing literature on HGIs and
discuss the future of research on this topic.

HGIs merit deeper investigation as a source of complex trait variation

Genetic interactions (sometimes referred to as epistatic interactions) contribute to many
complex traits. Despite widespread recognition of this point [1-6], relatively little is known
about the specific forms of genetic interactions that are important to heritable phenotypic
variation. To date, researchers have mainly reported genetic interactions involving only two
loci (e.g., [7-11]). However, this emphasis on gene-gene interactions over higher-order
genetic interactions (HGIs) involving three or more loci is rooted in technical issues (Figure
1), rather than biology. As others have noted, conventional genetic mapping methods have
generally low statistical power to identify genetic interactions and higher statistical power to
detect gene-gene interactions than HGIs [12, 13]. These biases mean that most genetic
studies are unlikely to detect HGIs regardless of whether they affect a trait or not, and make
it difficult to determine the overall role of HGIs in heritable phenotypes.

In this review, we examine the potential contribution of HGIs to complex traits. We write
from the perspective that HGIs merit deeper investigation as a source of ‘missing
heritability” in humans and model systems [14, 15]. This assertion is based upon not only the
technical considerations described above, but also multiple recent papers that have shown
that HGIs can have major phenotypic effects (e.g., [16-19]). Our goal with the present
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manuscript is to summarize these studies, which are fairly small in total number, and
aggregate them with other research that provides less direct support for HGIs. With the data
in hand, readers can then form their own opinions about the potential importance of HGIs.
For researchers interested in identifying HGIs in their own systems, we also describe some
of the approaches that have successfully detected loci involved in HGIs, and speculate on
causal mechanisms that further characterization of these interacting loci might uncover. We
conclude the paper by raising some ‘big picture’ questions about HGIs that future research
will hopefully address.

Evidence for HGIs

In this section, we summarize some of the strongest evidence that HGIs contribute to
complex traits. Support for HGIs falls into two main classes—suggestive and direct. We
employ the term ‘suggestive’ to refer to cases where a study’s results indicated that HGIs
might contribute to a trait, but the specific loci involved in a HGI were not identified. In
contrast, we use the term “direct’ to refer to instances where multiple loci involved in a HGI
were detected (as summarized in Figure 2). We focus exclusively on results from model
organisms, but note that HGIs have also been reported in humans [20, 21].

Suggestive evidence

Unexplained epistatic genetic variance in crosses—Under many experimental
designs, it is possible to estimate the total contribution of genetic interactions to a trait [22,
23]. However, such estimates of the epistatic genetic variance typically do not distinguish
between the effects of gene-gene interactions and HGIs. With a sufficiently large mapping
population, one can attempt to separate these effects by scanning for gene-gene interactions
and determining what proportion of the epistatic genetic variance they leave unexplained. A
recent study focused on a cross of two yeast strains employed this strategy [24]. The authors
generated a mapping population of 1,006 haploid segregants, each of which was genotyped
throughout the genome. They then measured 46 growth traits in this panel under highly
controlled conditions. Due to the large sample size of this study, as well as the precise
phenotype data, the authors were able to identify loci that explained nearly all of the additive
genetic bases for the examined traits. However, many of these phenotypes also exhibited a
sizable non-additive genetic component. Because individuals were grown in a uniform
environment, non-additive genetic effects had to be due to genetic interactions. The authors
conducted scans for gene-gene interactions and identified a number of two-locus
interactions. However, for most traits, these gene-gene interactions explained only a small
percentage of the epistatic genetic variance. This result suggests that undetected genetic
interactions, in particular gene-gene interactions with very weak effects or HGIs, contribute
to some of the phenotypes.

Over-explanation of phenotypic differences using genome-wide chromosome
substitution panels—Another source of suggestive information regarding HGIs comes
from work on panels of chromosome substitution strains, which consist of individuals that
each carry a single chromosome from a ‘donor’ parent and the rest of their chromosomes
from a different ‘recipient’ parent [25]. Chromosome substitution panels include one strain
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for each chromosome, facilitating the measurement of every chromosome’s contribution to a
trait. If loci influencing a trait act in a largely additive manner, then effects measured in the
chromosome substitution panels should add up to the phenotypic difference between the
donor and recipient parents used to generate a population. However, departures from this
expectation imply that genetic interactions contribute to a trait. In one of the most
comprehensive studies of this type, researchers examined 144 blood, bone, and metabolic
traits in mouse and rat genome-wide chromosome substitution panels [26]. They found that
the cumulative phenotypic effect of individual chromosome substitutions was often more
than 100% of the phenotypic difference between the two parents of a panel, with more than
500% of the difference accounted for in some instances [26]. This finding, which has been
replicated in additional chromosome substitution panels [27], suggests that genetic
interactions among loci on a number of chromosomes contributed to many of the examined
traits. Whether this involved many gene-gene interactions, HGIs, or a mixture of the two has
not been determined. We note that another possible explanation for the findings in the
chromosome substitution panels is that some of the examined traits are range-bound (i.e.,
have “ceilings’ and “floors’ [27]), causing loci to show genetic interactions at the statistical
level even though causal alleles might function additively at the physiological level.

Genetic background effects and conditional essential mutations—Work on
genetic background effects also suggests that HGls make a significant contribution to many
traits. This phenomenon occurs when mutations or sequence polymorphisms vary in their
effects across genetically diverse individuals (e.g., [28-30]). Research in multiple species
has shown that genetic background effects are very common (as reviewed in [2, 31, 32]).
Recent studies indicate that genetic background effects may arise due to HGIs among
natural genetic variants [18, 33]. One of the most detailed studies along these lines was
conducted in yeast [33]. Researchers examined the effects of null alleles of nearly every
gene in the Saccharomyces cerevisiae genome on viability in two genetically diverged
strains. 57 genes were found to be essential for growth in rich glucose medium in only one
of the two strains. To determine the architecture of this ‘conditional essentiality’, they
measured the frequency at which null alleles caused inviability in crosses of the two strains.
Based on these data, the authors estimated that conditional essentiality was often due to two
or more interacting loci, suggesting that HGIs occurred among the null alleles and multiple
genetic variants present in the two examined strains [33].

Direct evidence

Gene-gene interactions that are influenced by genetic background—~Further
evidence for HGIs comes from cases in which gene-gene interactions underlying a trait were
identified, but only had effects in specific genetic backgrounds. Examples of such work have
been described in analyses of both fitness in Escherichia coli [34] and sporulation in yeast
[35]. A possible explanation for this finding is that the two initially identified loci participate
in HGIs with additional loci. Some of the most detailed work on genetic background-
dependent gene-gene interactions comes from the work on yeast sporulation efficiency [35,
36]. In a cross of two isolates, the authors identified four SNPs in the genes IME1, RMEL,
and RS-1 that together explain nearly all of the heritable variation in sporulation efficiency
when cultures are shifted from glucose to acetate [36]. These SNPs largely affect the trait
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through additive effects and gene-gene interactions. However, a subsequent examination of
the 16 different homozygous genotypes involving these 4 nucleotides across both of the
parental genetic backgrounds and 8 different conditions revealed a high context-dependence
to these gene-gene interactions [37]. Indeed, only a single gene-gene interaction was
significant across genetic backgrounds and environments, suggesting that unidentified loci
may participate in HGIs with the polymorphisms in IME1, RMEL1, and RSF1.

Genetic background-dependent interactions between mutations—Similar to
gene-gene interactions among naturally occurring genetic variants, interactions between
mutations can also be affected by genetic background [31]. This implies that genetic variants
among strains may form HGIs with these mutations. Work in Drosophila melanogaster on
the scalloped®3 (sd=3) mutation, which influences wing shape, has provided some of the
deepest insights into this phenomenon [18, 38]. In a large-scale examination of the effects of
modifier mutations on sd=3 in two strains, the authors found that 74% of the modifiers were
affected by genetic background [38]. They then used a combination of approaches, including
measurement of global gene expression, genetic mapping, and integrative bioinformatics
analysis, to determine the genetic basis of variability in the effects of sd=3 modifiers [18].
Their results indicated that these genetic background-dependent effects on interactions
between sdE3 and its modifiers were shaped by HGIs involving these mutations and
additional segregating loci [18].

Cytonuclear interactions involving three or more nuclear and cytoplasmic
factors—An additional source of evidence for HGIs is research on cytonuclear
interactions, which arise due to genetic interactions between nuclear loci and cytoplasmic
factors [39]. Although the chloroplast and mitochondria are the most frequently studied
cytoplasmic factors, plasmids, prions, and viruses can also have heritable phenotypic effects
[40, 41]. Work on a number of species has shown that cytonuclear interactions are pervasive
[39] and can significantly influence complex traits, such as longevity in flies [42], flowering
time, growth, and defense against herbivores and pathogens in plants [43, 44], and the
growth effects of gene deletions in yeast [40]. A recent study on heritable variation in
metabolism in an Arabidopsis cross is particularly relevant to the discussion of HGIs [45].
The authors showed that many gene-gene interactions among nuclear loci were affected by
an individual’s cytoplasmic genotype. Although the relative contributions of the chloroplast
and mitochondria to this observation could not be determined, this paper demonstrates that
HGlIs between two nuclear and at least a single cytoplasmic locus can occur.

Examples of comprehensively dissected HGIs—Arguably the strongest support for
HGIs comes from examples in which the specific loci involved in an HGI have been
identified. Unfortunately, the number of these examples is small (e.g., [16, 17, 19]). Here,
we summarize two of the papers that have most convincingly demonstrated HGIs: one that
described three-locus interactions that influence body weight in a cross of two chicken lines
[16], and another that showed a pair of genetic interactions involving five or more loci that
determine colony morphology in a cross of two yeast strains [17]. The work on chickens
was a follow-up study to an artificial selection experiment that identified a set of five loci
that each showed a gene-gene interaction with the same central locus [13]. In the subsequent
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study of these interacting loci, the authors used a large advanced intercross population to
replicate the previously identified gene-gene interactions and show that some of the loci
participated in three-locus genetic interactions [16]. The HGIs identified in yeast led to a
‘rough’ colony phenotype that unexpectedly segregated at a low frequency in a cross [17].
Although many isolates of S. cerevisiae exhibit unusual colony morphologies (e.g., [46,
477), the cross employed in this paper involved two parents with the same ‘smooth’ colony
morphology [17]. The authors screened thousands of backcross progeny, sequenced the
genomes of hundreds of rough progeny, and performed a large number of genetic
manipulations to identify alleles at five genes that interact to specify the phenotype. They
then conducted additional experiments to show that one of the non-causal alleles can lead to
the phenotype through an interaction between it and a specific combination of alleles at two
other loci. Of note, both of the genetic architectures underlying rough morphology critically
depend on a spontaneous mutation in IRA2, a gene that negatively regulates the Ras
pathway.

Identifying loci and genes involved in HGIs

Given the small number of characterized HGlIs, dissection of more examples to their
underlying loci and genes is needed to significantly improve our understanding of this class
of genetic effect. In this section, we summarize strategies that can aid in such research,
emphasizing linkage mapping [48] and selective genotyping [49] approaches in strain
crosses. We note that HGIs that segregate among isolates can appear as additive effects or
gene-gene interactions, or may not even show effects depending on which individuals are
crossed (Figure 3). We do not address association mapping in populations of wild isolates
(e.g., [50, 51]) because the abundance of low frequency alleles [52] and population structure
[53, 54] in these studies complicates the already challenging task of studying HGIs.

A number of factors make it difficult to identify the specific loci and genes involved in HGIs
in crosses. First, exhaustive searches for HGIs require an extremely large number of
statistical tests, resulting in a multiple testing problem and low power [1, 12, 55]. Second, as
noted previously with respect to gene-gene interactions [56], scans for HGIs involving larger
numbers of loci suffer from an added statistical power issue: multi-locus genotype classes
that are critical for detecting a HGI may be represented by only a very small number of
individuals in a typically sized mapping population and consequently the effect of a HGI
might be missed. Third, HGIs may be ‘synthetic’ or ‘compositional’; in other words, loci
involved in a HGI may not individually exhibit phenotypic effects (e.g., [17]). Fourth,
efforts to clone genes involved in HGIs using complementation [57] and genetic engineering
techniques [58, 59] may only succeed in specific genetic backgrounds that possess the
requisite alleles at interacting loci [60] (Figure 4).

Despite these challenges, it is possible to identify HGIs and dissect them to their underlying
components. One way to determine that a HGI might contribute to a trait is by examining
the phenotypic distribution shown by a mapping population. As others have noted, genetic
interactions that affect a continuous phenotype may shift the average trait value among cross
progeny relative to the average trait value shown by their parents [23, 61]. However,
assessing whether this effect is due to HGIs, gene-gene interactions, or a combination of the
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two typically requires downstream experiments. Further, HGIs that play a role in qualitative
traits may cause these phenotypes to segregate at low frequencies in genetic mapping
populations, as was recently shown [17]. This is because only a small fraction of individuals
in a mapping population may carry the combination of alleles that interact and cause
expression of a qualitative trait.

At the genetic level, a number of strategies have been developed to enable detection of
interacting loci by linkage analysis without performing exhaustive searches (e.g., [55,
62-65]). Extensions of these approaches might be applicable to HGls, in particular when
large genetic mapping populations are examined. A particularly promising technique is
analysis of ‘variance heterogeneity’ [63, 64, 66]. The idea underlying this method is that
individuals that share the same allele at a locus and exhibit high phenotypic variance may do
so because they differ in their genotypes at other interacting loci (Figure 5). Evidence
suggests this strategy can identify loci involved in HGIs [66]; however, it is important to
rule out that such variance heterogeneity is not simply due to alleles that cause increased
stochasticity in a trait (e.g., [67, 68]). Beyond more conventional linkage approaches,
genetic mapping techniques that employ phenotypic selection (e.g., [37, 49, 69]) will also
likely prove valuable in studying HGIs. Unlike linkage mapping approaches, these methods
identify alleles that are enriched among or retained by individuals that share a phenotype,
and can detect both additive and interacting loci.

The work described in the previous section [16-19] also provides valuable insights into
strategies for effectively studying HGIs. For example, identifying HGIs may be easiest in
crosses of two strains (e.g., [16-18, 33]). This is because they possess less genetic diversity
and fewer possible allele combinations than natural populations or intercrosses involving a
larger number of parents (e.g., [70-72]). Additionally, the previous work shows that
examining a very large number of cross progeny can provide the statistical power necessary
to detect loci involved in HGIs [16, 17]. A final noteworthy result of some of the above
studies is that mutations and ‘cryptic’ genetic variants that segregate in natural populations
can participate together in HGIs [17, 18]. Cryptic variants normally do not have phenotypic
effects, but can influence traits when perturbed either by their genetic background or
environment [73-75]. This finding shows that induced and spontaneous mutations can aid in
the search for HGIs.

ic basis of HGIs

To this point, we have mainly explored the evidence for HGIs, as well as techniques that can
aid in finding loci involved in HGIs. However, determining the mechanisms that cause HGIs
is also important. Such knowledge will improve our basic understanding of how an
individual’s genotype specifies their phenotype and might also facilitate the development of
new methods for detecting HGIs.

Even though present data on mechanisms underlying HGIs is limited, past work on gene-
gene interactions (as reviewed in [76, 77]) is likely relevant. Gene-gene interactions can
occur due to loss-of-function mutations in two genes that act in the same or redundant
pathways or protein complexes [78, 79]. Given that putatively null alleles and incomplete
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loss-of-function alleles are fairly common in natural populations [80-83], it is possible that
sets of three or more of these variants might lead to HGls if they occur in the ‘right’ genes.
Further, hundreds of protein complexes possess more than two protein subunits [84]. It is
possible that genetic variants in three or more of these subunits might collectively
destabilize a protein complex or even induce new protein complexes to form.

There are a number of other potential causes of HGIs, one of the most likely being genetic
variation perturbing multiple components of a gene regulatory network [85, 86]. If sets of
transcription factors and their upstream regulators possess functional variants, specific
combinations of these alleles might collectively alter the levels of phenotypically important
transcripts and proteins. Supporting such a possibility, it is well established that species
harbor extensive heritable variation in gene regulation (e.g., [87-91]). Further, recent work
in yeast has shown that polymorphisms in transcription factors, as well as a polymorphism
that might impact translation, contribute to HGIs [17, 36]. Other mechanisms that have been
hypothesized for gene-gene interactions may also extend to HGIs. These include changes in
the levels of critical ‘threshold’ molecules and loss of genetic buffering [77, 92].

Although we have focused on individual mechanisms that can result in HGls, the
mechanisms described in this section are not mutually exclusive. Indeed, combinations of
these mechanisms, as well as other unforeseen causes, might result in HGIs. Comprehensive
genetic and molecular dissection of example HGIs is therefore critical to advancing our
understanding of this subject, as present data do not allow any definitive claims.

Concluding remarks

As we have shown, evidence suggests that HGIs contribute to a number of complex traits.
However, as a general class of genetic effects, HGIs are poorly understood. Thus, it is likely
that research in the near future will play a crucial role in developing our basic knowledge of
HGls (see Outstanding Questions). In summary, although research on HGIs is in its infancy,
this line of enquiry has great potential to improve our basic understanding of how heritable
traits are specified at the genetic level.
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Glossary

Complex trait A phenotype that is influenced by multiple genetic loci.

Additive locus A locus that affects a phenotype independent of an individual’s
genetic background.

Genetic interaction When two or more loci influence a phenotype in a dependent

(epistasis) manner. These loci may or may not individually show additive
effects. If they show additive effects, their interaction may result
in higher or lower trait values than expected under an additive
model.

Higher-order A genetic interaction involving alleles at three or more loci.

genetic interaction

Genetic When the effect of a genetic variant depends on the strain

background effect background in which it occurs.
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Outstanding Questions

» \What isthetypical architecture, effect size distribution, and prevalence of
HGIs? Much of the direct evidence for HGIs comes from examples involving a
relatively small number of loci that collectively exhibit a large effect. Additional
research is needed to determine whether HGIs often involve even more loci or
make more subtle contributions to traits, and to assess the general contribution
of HGIs to the total phenotypic variance within populations. Further, as noted by
others [2], alleles involved in gene-gene interactions can generate apparent
additive genetic variance in natural populations. It is worthwhile to examine the
extent to which alleles that participate in HGIs also contribute to this problem.
Lastly, most work on HGIs to date has focused on haploid organisms or
homozygous inbred lines from diploid species. Future work should explore the
general prevalence of HGIs across traits and organisms, and should also
examine the importance of HGIs in populations that exhibit heterozygosity.

» Aretheregeneral mechanismsthat result in HGIS? Identifying loci involved in
HGils is difficult with current approaches and cloning the genes underlying these
loci is arguably even more challenging. However, characterizing how HGIs
arise at the molecular level is imperative. Such work may identify mechanisms
that generate complex trait variation that are distinct from those found in studies
of additive loci or gene-gene interactions. Additionally, discovering any general
mechanisms that contribute to HGIs may aid in the development of new
analytical approaches for detecting loci that participate in HGIs. Such methods
may be necessary for identifying HGIs in humans and other species that are not
amenable to the experimental techniques described in this review.

« What is the relationship between evolution and HGIs? Evolutionary geneticists
have begun to recognize the potential importance of HGIs [93]. Within the
context of complex traits, many evolutionary processes, including genetic drift,
natural selection, demography, and genome duplication, influence the genetic
architectures of heritable phenotypes [52]. Determining the extent to which
these different processes affect the prevalence of HGIs can help in assessing
whether HGIs might contribute to heritable phenotypic variation in a particular
population or species. Lastly, given that cryptic genetic variants can participate
in HGlIs, it is worthwhile to examine the broader role of HGIs in facilitating
phenotypic novelty and evolutionary adaptation in natural populations [94, 95].
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Figure 1.
A gene-gene interaction is shown in A, while the simplest form of HGI, a three-locus

genetic interaction, is depicted in B. For simplicity, we demonstrate these forms of genetic
interactions using haploids. However, we note that HGIs can occur in diploid organisms and
can involve more loci. In each plot, different genotypes across the involved loci are shown
across the x-axis, while the average phenotype among individuals with a given genotype is
presented along the y-axis. An individual’s genotype at a specific locus is depicted as a
filled circle. The two alleles of a locus are distinguished with the colors blue and orange. A
genetic interaction occurs when an individual possesses the orange allele at each involved
locus. We employ this coloring scheme throughout the paper. The numbers used to label
interacting loci are arbitrary. Therefore, the labels ‘locus 1’ and ‘locus 2’ in parts A and B
do not correspond to the same genomic regions.

Trends Genet. Author manuscript; available in PMC 2016 January 01.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

Taylor and Ehrenreich

Page 15

Type of HGI System
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Figure 2.
Examples of HGIs from model organism research: Arabidopsis metabolite levels [45],

chicken body weight [16], E. coli fitness [34], fruit fly wing shape [18], yeast colony
morphology [17], and yeast sporulation [35]. Different types of evidence for HGIs are
distinguished by color and shape.
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HGls that occur within species can segregate in a variety of ways in controlled crosses,

depending on the genotypes of cross parents at involved loci. Here, we show this

phenomenon using haploids and a three-locus HGI. Each individual is illustrated as an

unfilled bar with three loci. The order of loci is arbitrary and is not intended to imply

linkage.
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Figure 4.

Cloning genes underlying HGIs requires using appropriate genetic backgrounds for
engineering or complementation testing. Here, we focus on allele replacement strategies.
The top panel (black border) shows examples that will fail to validate a gene’s effect,

whereas the bottom panel (red border) shows examples that will succeed in validating a
gene’s effect. In the plots illustrating phenotypic effects, ‘s’ refers to the starting genotype,
while ‘e’ refers to the engineered genotype.
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Figure 5.
HGls can cause differences in the phenotypic variance of the two alleles at a locus. (A) Two

parents that differ at three interacting loci are crossed. Only one of the eight haploid
recombinant genotypes possesses the alleles required for the HGI (denoted with a red
arrow). (B) Phenotypes of the eight possible haploid recombinants are plotted by their allele
at locus 1. The individual carrying the interacting combination of alleles denoted with a red
arrow and has a higher phenotypic value than the other genotypes. (C) Potential effect of the
HGI on the phenotypic variance associated with the two alleles at locus 1. The orange allele
shows an appreciably higher phenotypic variance than the blue allele due to some
individuals possessing the interacting combination of alleles. The bars depict confidence
intervals of an arbitrary level (e.g., 95%).
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