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Abstract

Genetic interactions occur when the combination of multiple
mutations yields an unexpected phenotype, and they may
confound our ability to fully understand the genetic mechanisms underlying complex diseases. Genetic interactions are
challenging to study because there are millions of possible
different variant combinations within a given genome. Consequently, they have primarily been systematically explored in
unicellular model organisms, such as yeast, with a focus on
pairwise genetic interactions between loss-of-function alleles.
However, there are many different types of genetic interactions, such as those occurring between gain-of-function or
heterozygous mutations. Here, we review recent advances
made in the systematic analysis of such diverse genetic interactions in yeast, and briefly discuss how similar studies
could be undertaken in human cells.
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Introduction
In this era of affordable whole-genome sequencing,
causal mutations have been identified for many Mendelian or monogenic diseases. However, most common
diseases cannot be traced to a single genetic cause and
may result from complex combinations of genetic and
environmental factors. Genome-wide association studies
(GWAS) have linked thousands of variants to complex
diseases [1], but these variants generally explain only a
Current Opinion in Systems Biology 2017, 6:14–21

small fraction of the observed disease phenotype.
Several factors may contribute to this so-called “missing
heritability”, including failure to detect causal variants,
either because they are rare or have very small effects. In
addition, the phenotypic effects of observed variants
may not combine additively but instead interact in a
synergistic manner, causing the variants to be responsible for a larger fraction of the heritability than expected based on their individual effects [2,3]. Detecting
genetic interactions in human genotyping datasets is a
major challenge because there are so many different
possible gene combinations and there are many
different types of genetic interactions. However, an
understanding of the diversity of the genetic interactions and their general principles as derived from
model organism analysis, may provide insights that will
help us identify or possibly predict interactions between
human variants, which will further our understanding of
the complex genetic networks underlying common
diseases.
Systematic studies of genetic interactions have mainly
used genetically tractable model organisms, which
enable rigorous assessment of the effects of combining
mutations in an otherwise isogenic background. The
budding yeast Saccharomyces cerevisiae is an ideal model
organism for these studies, due to its well-annotated
genome and the availability of genome-wide mutant libraries and reagents [4e6]. We recently completed a
survey of genetic interactions between loss-of-function
alleles for nearly all possible pairs of yeast genes [6].
The resultant global genetic network provides insight
into the functional organization of a yeast cell, revealing
how different pathways work together to coordinate
cellular functions and connecting uncharacterized genes
to known pathways.
Although the global yeast genetic interaction network
quantitatively mapped nearly 1 million genetic interactions and reveals the general principles underlying
genetic networks, our ability to predict how genetic
variants in natural populations contribute to phenotypes
remains limited for several reasons. First, genetic interactions have been predominately mapped using partial or complete loss-of-function alleles, whereas
naturally occurring variation can encompass a spectrum
of genetic lesions, including separation-of-function and
gain-of-function alleles. Second, interactions have
largely been studied in haploid cells, while most organisms are naturally diploid and the majority of variants
www.sciencedirect.com
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are heterozygous [7]. Finally, in general, systematic
studies have focused on interactions between two alleles, but most traits, including gene essentiality [8], are
complex and likely modulated by the combined effects
of multiple gene variants [3,9]. These complex sets of
variants can either combine additively or interact synergistically, either as digenic interactions or more complex combinations, such as trigenic interactions, to lead
to profound phenotypes. Here, we review efforts to
address these challenges in yeast, and briefly discuss
how lessons learned from yeast genetic networks can be
used to guide exploration of genetic interactions in more
sophisticated biological systems, including human cells.

Mapping digenic interactions involving
loss-of-function alleles
A digenic genetic interaction occurs when the combination of two mutations yields a phenotype that is unexpected given the effects of mutating each gene on its
own. In yeast, fitness measured as either growth rate or
colony size is often the phenotype of choice, and a
multiplicative model is frequently applied to score genetic interactions (Figure 1) [10]. According to this
model, negative digenic interactions occur when the
double mutant is less fit than expected based on the
multiplicative combination of the single mutant fitness
values. The most extreme example of a negative genetic
interaction is synthetic lethality, in which the combination of two viable mutations leads to cell death
(Figure 1). By contrast, positive digenic interactions
occur when the double mutant is more fit than expected
(Figure 1). Positive interactions can be further classified
by their relative strength, ranging from masking, in
which the double mutant fitness is higher than expected
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but less than or equal to that of the slowest growing
single mutant, to suppression, in which the double
mutant is healthier than the slowest growing single
mutant and possibly has a fitness that is comparable to
wild type (Figure 1) [11].
Different types of genetic interactions can reflect
distinct mechanistic relationships between genes.
Synthetic lethal interactions between nonessential
genes often reflect the combined effect of impaired
function in two parallel pathways that impinge on the
same essential biological function and thus can
compensate for or buffer each other (Figure 2A) [12].
Masking positive genetic interactions are frequently
observed between members of the same nonessential
pathway or complex, such that in the absence of one
complex or pathway member, additional loss of another
member does not lead to an added fitness effect [13].
Essential genes, on the other hand, for which in general hypomorphic (partial loss-of-function) alleles are
used, frequently show negative genetic interactions
among genes within the same pathway or complex, as
the combination of two partially functional alleles can
lead to complete inactivation of the pathway or complex [6]. Finally, suppression interactions can occur
between genes that have opposing biochemical roles
(Figure 2A) [14].
The systematic analysis of digenic interactions in yeast
has shown that genes encoding proteins that function
together in the same pathway or complex tend to share a
common set of genetic interactions [6,15]. Genetic
interaction profile similarity correlates with functional
relation, and can be used to form a hierarchical model of

Figure 1
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Genetic interaction classes involving two genes. In yeast, genetic interactions are frequently scored using a multiplicative model. When two single
mutants (x and y) have a fitness of 0.8 and 0.7 relative to wild-type cells, the expected double mutant (xy) fitness is 0.8 × 0.7 = 0.56. Negative and positive
interactions occur when the fitness defect of a double mutant is either more or less severe, respectively, than this expected fitness. A synthetic sick
negative genetic interaction occurs when the observed double mutant fitness is lower than expected, but still viable. In a synthetic lethal negative genetic
interaction, the combination of two viable single mutants results in an inviable double mutant. A masking positive interaction occurs when the fitness of the
double mutant is greater than expected, but lower or equal to that of the slowest growing single mutant. Suppression positive interactions occur when the
double mutant fitness is greater than that of the slowest growing single mutant.
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Figure 2
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Mechanisms of genetic interactions. Possible mechanisms of genetic interactions between different types of alleles are illustrated. Wild-type alleles are
represented as filled circles, partial or complete loss-of-function alleles as open circles with a dashed border, and overexpression alleles as multiple filled
circles. A) Genetic interactions between two loss-of-function alleles. Top: A negative genetic interaction can occur between loss-of-function alleles of genes
(“A” and “B”) that function in parallel pathways. Bottom: A positive genetic interaction can occur between genes (“A” and “B”) that have opposite effects on the
output of a pathway. B) Genetic interactions involving one loss-of-function allele and one overexpression allele. Top: Synthetic dosage lethality can also occur
between genes (“A” and “B”) that have an opposite effect on the output of a pathway. Bottom: Dosage suppression can occur when a fitness defect caused by
loss-of-function mutations in a gene (“A”) is compensated for by overexpressing a downstream component of the same pathway (“C”).

the cell, where the most similar profiles reflect members
of the same complex or pathway, somewhat less similar
profiles are associated with genes co-annotated to a
biological process, and overlapping but more diverse
profiles are associated with members of the same
cellular compartment [6].
Current Opinion in Systems Biology 2017, 6:14–21

Genetic interactions between subsets of genes that are
organized into pathways map a functional wiring diagram
of the cell. Coherent sets of negative or positive genetic
interactions often connect all the genes within two
different pathways [6]. This means that the synthetic
lethality associated with two pathways can be achieved
www.sciencedirect.com

Mapping a diversity of genetic interactions in yeast van Leeuwen et al.

by mutation of many different pairs of genes. For
example, a coherent set of genes within the 19S
proteasome complex show negative, synthetically lethal,
interactions with genes of the anaphase promoting
complex [6]. The fact that many different pairs of genes
lead to the same yeast double mutant phenotype, suggests that variation in many different pairs of genes may
lead to the same disease phenotype in humans.

Mapping digenic interactions using gain-offunction alleles
Analysis of the genetic determinants of cancer and other
diseases, clearly shows that gene loss-of-function and
gene amplification or gain-of-function are equally
important determinants of disease progression [16e18].
Several different genome-wide reagent sets are available
for the systematic analysis of genetic interactions
involving overexpression alleles in yeast. These include
collections of strains harboring plasmids encoding a wildtype open reading frame that is overexpressed, either on
a high copy plasmid or by using an inducible or constitutively active promoter [19e21]. Systematic screens
using these various strain arrays have produced catalogs
of genes that cause a growth defect when overexpressed
in wild-type cells (toxic genes) or that make a phenotype
caused by another mutation either more severe (synthetic dosage lethality or sickness) or less severe (dosage
suppression) than expected (Figure 2B) [22,23].
Experimentally, dosage genetic interaction screens
involve testing the effect of overexpression of a query
gene within a genome-wide loss-of-function mutant
collection, or, conversely, screening a loss-of-function
query mutant with genome-wide plasmid libraries
[20,24,25]. Both synthetic dosage lethality and dosage
suppression screens have been performed systematically
[19,26,27], and typically identify a few dozen interactions for each query mutant of interest. Double
dosage lethality screens, in which overexpression alleles
of two genes are tested for a genetic interaction, have
also been performed [28]. Mechanistically, synthetic
dosage lethality can occur between genes that have
opposite biological roles, for example overexpression of
an inhibitor can be detrimental in the absence of an
activator (Figure 2B). Synthetic dosage lethality can also
occur between enzymes and their substrates, where
overexpression of the substrate leads to a fitness defect
in combination with reduced activity of the enzyme
[25,27,28]. Indeed, synthetic dosage lethality screens
using kinase mutants are able to capture many known
kinaseesubstrate relationships, especially when the
kinase is a negative regulator of a target protein [20,27].
Dosage suppression on the other hand, can occur when
overexpression of a downstream pathway member suppresses the fitness defect associated with inactivation of
an upstream pathway member (Figure 2B). Although
dosage interactions show significant overlap with the
www.sciencedirect.com
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global genetic interaction network of loss-of-function
alleles, the majority of synthetic dosage lethality and
suppression interactions identify novel interactions and
thus represent distinctive genetic and functional relationships [19,24,29]. Thus, integration of genetic
interaction screens between loss-of-function alleles and
dosage screens enables the discovery of new biology
[27]. For example, network motifs derived from an integrated network comprising both loss-of-function and
dosage synthetic lethal genetic interactions identified
previously unappreciated regulatory relationships between cell polarity proteins [27].
In addition to the use of plasmid libraries, spontaneous
suppressor mutations can be isolated that encompass
the full spectrum of loss-of-function, gain-of-function or
separation-of-function events [14]. The systematic
mapping of spontaneous suppressor mutations has
highlighted general mechanisms of suppression [14,30].
For example, suppression of partial loss-of-function alleles was frequently achieved through deleterious mutations in the protein or mRNA degradation
machineries, which led to increased expression of the
partial loss-of-function allele [14]. Despite the prevalence of this type of general suppression, suppression
networks are extremely rich in functional information,
and thus provide a powerful tool for annotating gene
function [14,19]. Finally, genome-wide genetic interaction studies using a set of query strains, each carrying a
different point mutation within the same gene, allow for
the functional dissection of various domains within a
protein, and can link mutations at a residue level to
specific cellular consequences [31e33].

Mapping complex haploinsufficiency in
diploid cells
Most variation in the human genome is heterozygous [7]
and, in some cases, a heterozygous mutation is sufficient
to cause an obvious phenotype, a genetic situation
known as haplo-insufficiency (Figure 3) [34,35]. Complex haploinsufficiency, also known as unlinked noncomplementation, refers to a genetic interaction
occurring between two different heterozygous mutations (Figure 3). A known example of complex
haploinsufficiency (CHI) as a genetic mechanism of
disease occurs in retinitis pigmentosa, in which heterozygous loss-of-function alleles of RDS and ROM1
cause a reduction of RDS/ROM1 tetramers, leading to a
loss of rod cell production and eyesight loss over time
[36]. Given the prevalence of heterozygous variation in
the genome, CHI could play a major role in the
genotype-to-phenotype relationship in human populations, yet the general principles of this type of genetic
interaction remain poorly understood.
In yeast, a few screens for interactions between two
heterozygous alleles have been performed using query
Current Opinion in Systems Biology 2017, 6:14–21
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Figure 3
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Complex haploinsufficiency. A) Haploinsufficiency occurs when a heterozygous mutation is sufficient to cause a phenotype. B) Complex haploinsufficiency occurs when the combination of two heterozygous mutations results in an unexpected phenotype.

strains that have mutations in the essential genes
encoding actin (ACT1), a- and b-tubulin (TUB1, TUB2)
or kinetochore components (CTF13) [33,37e39].
Although the number of CHI screens has been limited,
some universal rules regarding CHI interactions start to
emerge. A systematic comparison of the number of CHI
interactions between ACT1 and either essential or
nonessential interaction partners suggests that essential
genes are no more predisposed to CHI interactions than
nonessential genes [33,37]. In addition, interaction
partners are generally not haploinsufficient on their
own, and CHI interactions thus appear to represent
specific functional relationships, which frequently
involve the reduction of a cellular component that is
essential for viability [33,37]. For example, the a- and btubulin encoding genes TUB1, TUB2 and TUB3 show
negative CHI interactions with each other, probably
because mutation of two of the tubulin encoding genes
leads to reduced availability of functional a/b-tubulin
heterodimers [39]. In another example, ACT1 displays
negative CHI interactions with mutants that cause defects in actin cytoskeleton organization or localization,
which in combination with reduced actin levels likely
leads to a shortage of actin [33,37].
The genome-wide CHI screens identified dozens to a
few hundred hits, including both suppressive and lethal
interactions [33,37,38]. These findings indicate that
CHI interactions may be relatively common, but further
analysis is required before we have a clear understanding
of the general frequency of these interactions. Interestingly, one study compared CHI interactions to genetic interactions identified in haploid cells, and found
no overlap [38]. Although this may be partially due to
Current Opinion in Systems Biology 2017, 6:14–21

differences in experimental set-up, this observation
suggests that CHI interactions may exhibit different
fundamental properties than those mapped in haploid
cells. Thus, extensive mapping of interactions between
heterozygous alleles may extend our understanding of
the genetic wiring of a cell.

Mapping higher-order genetic interactions
Most genetic traits are likely modulated by the combined effects of multiple gene variants [3,8,9]. To be
able to fully understand the genotype-to-phenotype
relationships underlying genetic traits, we thus need
to map interactions involving more than two genes. This
may be especially relevant for higher organisms, where
gene duplication is more extensive, and pairs of partially
redundant genes may buffer each other, such that
inactivation of each gene on its own does need lead to
genetic vulnerabilities. A recent yeast study found that
22 out of 56 tested paralog pairs can functionally
compensate for each other’s absence [40]. In such cases,
inactivation of both genes allows for the identification of
trigenic interactions that would not have been identified
by digenic interaction screens [41]. Genome-wide genetic interaction screens have been performed for a few
double mutant pairs in both baker’s and fission yeast,
often providing new insights into the functional connections between the genes [41e43]. For example, the
genetic interaction profile of a double mutant deleted
for CLB5 and CLB6, both encoding cyclins that regulate
DNA replication, showed a strong resemblance to that
of single mutants involved in sister chromatid cohesion,
establishing a role of Clb5 and Clb6 in chromosome
segregation [42]. In addition, in a screen for genetic
interactions with a double mutant that lacks the histone
www.sciencedirect.com

Mapping a diversity of genetic interactions in yeast van Leeuwen et al.

chaperones Asf1 and Cac1, RDH54 was identified as a
synthetic lethal partner that seems to functionally
substitute for the two chaperones by interacting much
more strongly with chromatin complexes in their
absence [42].
Higher-order genetic interactions have also been identified between naturally occurring variants in genetic
mapping studies [44]. For example, a cross of two
S. cerevisiae strains yielded a few segregants that showed
a rough colony morphology, which was traced back to a
combination of variants in six different genes, most of
which were involved in Ras-signaling [45]. Although
these data suggest that genetic interactions involving
more than two mutations may be relatively common,
further systematic mapping is required to understand
the frequency and general properties of these higherorder interactions. One challenge in systematically
mapping higher-order interactions is the vast complexity
of genetic interaction space. In yeast, there are 18
million possible gene pairs and 36 billion possible gene
triads. Thus even if trigenic interactions are substantially less frequent than digenic interactions, they may
be numerous when explored systematically.

Mapping genetic interactions in human
cells
In the past decade, genetic interaction screens have
mainly been limited to model organisms that can be
easily manipulated in array-based formats, such as bacteria and yeast species. Initial screens for genetic interactions in cultured mammalian cells used RNA
interference technology, but these screens frequently
suffered from low precision and limited sensitivity [46e
49]. The development of CRISPR-Cas9 technology
opened the door for efficient and precise mapping of
genetic interactions in a wide range of organisms,
including cultured human cells [50,51]. In the CRISPRCas9 system, a guide RNA forms a complex with the
Cas9 nuclease protein, which specifically targets regions
in the genome that are complementary to the guide
RNA. Upon binding, the Cas9 protein induces a doublestrand DNA break, which can either be repaired
correctly, or cause a small insertion or deletion that may
inactivate the targeted gene. CRISPR-Cas9 genetic
interaction screening methods rely on libraries of guide
RNAs, and can be performed in three ways. First, wildtype cells can be screened using double guide RNA libraries that target two genes at once [52e54]. Due to
the magnitude of the combinatorial space, at most a few
hundred genes can be screened for genetic interactions
among each other in one experiment. Second, screens
can be performed using genome-wide single guide RNA
libraries in cell lines engineered to carry a query mutation of interest. By screening isogenic “wild-type” cells
in parallel, differences in gene essentiality can be
identified that are directly linked to the query mutation
www.sciencedirect.com
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[49,55,56]. Finally, synthetic lethal relationships between mutations can also be inferred indirectly, by
screening panels of cell lines using genome-wide guide
RNA libraries for differential dependencies linked to
the status of for example oncogenes, to identify genes
that are selectively essential in cell lines carrying a
particular driver mutation [56e58].
Initial screens in human cells show that genetic interactions between human genes show similar properties as those identified in yeast. For example, in both
organisms, genes whose mutation causes a growth defect
show more genetic interactions, and synthetic lethal
interactions frequently occur between genes annotated
to related biological processes, suggesting that fundamental properties of genetic interactions are conserved
[49,54,55]. So far, genetic interaction screens in human
cells have mainly focused on the identification of synthetic lethal interactions between loss-of-function alleles. However, as CRISPR-Cas9 screening technology
further develops, increased sensitivity of the screens
may lead to the detection of positive genetic interactions. In addition, continued developments in Cas9
fusion enzymes for generating point mutations or
accomplishing transcriptional activation creates the
possibility of genetic interaction screens using different
allele types [59e62]. As Cas9 generally produces homozygous gene knockout in diploid cells, further improvements in methods to create heterozygous
mutations will be required to efficiently map complex
haploinsufficient interactions between heterozygous
loci in human cells on a global scale [63].

Conclusion
The identification of genetic interactions between two
mutant alleles provides valuable information on functional connections between genes. With a reference
genetic interaction network in place, we anticipate that
further genetic interaction studies in yeast will shed
light on how genetic interaction networks are rewired in
the presence of specific non-loss-of-function alleles and
in diverse genetic backgrounds. Furthermore, the mapping of interactions between heterozygous alleles and
higher-order interactions will provide insight into complex patterns of inheritance. Recent developments in
CRISPR-Cas9 technology allow the study of genetic
interactions in human cells. A reference network of
human genetic interactions will increase the functional
annotation of the human genome, and will be invaluable
in understanding how variants can combine to yield
observed traits, including human disease.
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