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Abstract
DNA variants that alter gene expression in trans are important sources of phenotypic variation. Nevertheless, the identity of trans-acting
variants remains poorly understood. Single causal variants in several genes have been reported to affect the expression of numerous distant genes in trans. Whether these simple molecular architectures are representative of trans-acting variation is unknown. Here, we studied
the large RAS signaling regulator gene IRA2, which contains variants with extensive trans-acting effects on gene expression in the yeast
Saccharomyces cerevisiae. We used systematic CRISPR-based genome engineering and a sensitive phenotyping strategy to dissect causal
variants to the nucleotide level. In contrast to the simple molecular architectures known so far, IRA2 contained at least seven causal nonsynonymous variants. The effects of these variants were modulated by nonadditive, epistatic interactions. Two variants at the 50 -end affected
gene expression and growth only when combined with a third variant that also had no effect in isolation. Our findings indicate that the molecular basis of trans-acting genetic variation may be considerably more complex than previously appreciated.
Keywords: eQTL; trans eQTL; IRA2; yeast; regulatory variation; causal variant; single-nucleotide variants

Introduction
Gene expression variation is a key bridge between DNA variation
and organismal traits (Albert and Kruglyak 2015). In particular,
trans-acting genetic effects profoundly shape gene expression in
yeast crosses (Brem et al. 2002; Albert et al. 2018) and human populations (Grundberg et al. 2012; Wright et al. 2014) and are especially important contributors to phenotypic variation (The GTEx
Consortium 2020). Trans-acting DNA variants change the activity
or abundance of a regulatory factor. This factor influences the
expression of other genes, which can be located anywhere in the
genome. In yeast crosses, trans-acting variation arises almost exclusively from “hotspot” regions that contain one or potentially
more DNA variants that alter the expression of dozens to thousands of genes (Albert et al. 2018). Due to their profound effects,
these hotspots serve as models for understanding trans-acting
regulatory variation.
A critical unsolved question is the nature of the individual
DNA variants that cause trans-acting variation. Genetic effects on
gene expression are commonly identified as expression quantitative trait loci (eQTLs). Like QTLs affecting organismal traits
(Mackay et al. 2009), most eQTLs span wide genomic regions, often with multiple genes and dozens of DNA variants. Several
yeast hotspots have been dissected to causal genes (Smith and
Kruglyak 2008; Lewis and Gasch 2012; Brion et al. 2013) and single
causal variants (Brem et al. 2002; Yvert et al. 2003; Brown et al.
2008; Zhu et al. 2008; Kim et al. 2009; Fehrmann et al. 2013;
Sudarsanam and Cohen 2014; Lutz et al. 2019). However,

experimental biases favor the identification of single variants
with strong effects, compared to multiple variants with smaller
effects (Rockman 2012). Careful dissection of QTLs for organismal
traits has shown that QTLs need not arise from single causal variants (Steinmetz et al. 2002; Fidalgo et al. 2006; Gerke et al. 2009;
Flint and Mackay 2009; Rat Genome Sequencing and Mapping
Consortium 2013; Fay 2013). The complexity of the genetic architectures underlying the profound trans-acting effects on gene expression is unknown.
A particularly prominent trans-eQTL hotspot is caused by variation in the protein-coding region of the IRA2 gene (Smith and
Kruglyak 2008). IRA2 encodes a key regulator of the conserved
RAS signaling pathway. Together with IRA1, IRA2 is one of two
paralogous genes that encode the yeast homologs of the human
Neurofibromin (NF1) gene. NF1 mutations can cause neurofibromatosis type 1, a disease characterized by uncontrolled cell
growth (Ballester et al. 1990; Ratner and Miller 2015). In a cross between the laboratory strain “BY” and the vineyard isolate “RM”,
IRA2 resides in a trans-eQTL hotspot that affects the abundance
of up to 1240 mRNAs (Albert et al. 2018), numerous proteins
(Albert et al. 2014; Großbach et al. 2019), and cell growth in diverse
environmental conditions (Bloom et al. 2013; Breunig et al. 2014;
Wang and Kruglyak 2014). Variation in IRA2 may also underlie
QTLs for a variety of traits in strains other than BY and RM (Parts
et al. 2011; Wang et al. 2019; Stojiljkovic et al. 2020). In spite of
these important effects on many traits, the causal variant or variants in IRA2 remain unknown. In part, this is due to the large
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Materials and methods
Yeast strains and media
The Saccharomyces cerevisiae strains used here are derived from
S288C [BY4741 (MATa, his3D1 leu2D0 met15D0 ura3D0), referred
to as “BY” in the text] and RM-11a [RM HO(BY) (MATa,
his3D1::CloNAT, leu2D0, ura3D0 HO(BY allele)) AMN1(BY allele),
referred to as “RM”]. A complete listing of the strains used in this
study can be found in Supplementary Table S1. All primers are
listed in Supplementary Table S2. We used the following media
(recipes are for 1 l):
For general yeast strain growth and storage:
YPD (10 g yeast extract, 20 g peptone, 20 g glucose);
For selection of the GFP-HIS3MX6 cassette in GPH1 tagging:
SDC-His (1.66 g SC-His-Leu-Ura, 100 mg leucine, 200 mg uracil,
20 g glucose);
For selection of the KanMX4 cassette in IRA2 gene deletions
and verifying allele exchanges by CRISPR-Swap:
YPD þ G418 [G418 sulfate (Fisher Scientific cat # BP6731);
200 lg/ml];
For selection of the CRISPR-Swap plasmid in cells after transformation:
SDC-Leu (1.66 g SC -His -Leu -Ura (Sunrise Science; cat # 1327030), 50 mg histidine, 200 mg uracil, 20 g glucose);
For phenotyping Gph1-GFP expression:
YNB LowFlo (6.7 g yeast nitrogen base-folic acid-riboflavin with
ammonium sulfate and without amino acids (Sunrise Science;
cat # 1536-050), 20 g glucose, 50 mg histidine, 100 mg leucine,
50 mg methionine, 200 mg uracil). Sterilized by filtration; and
For iodine staining:
YNB [6.7 g yeast nitrogen base with ammonium sulfate and
without amino acids (BD Biosciences cat# 291940), 20 g glucose,
50 mg histidine, 100 mg leucine, 50 mg methionine, 200 mg uracil].

For solid media, 20 g/l agar was added prior to autoclaving.
Yeast was grown at 30 C.

GPH1-GFP tagging and IRA2 gene deletions
Insertions of cassettes for genome modification were performed
using a standard PCR-based one-step method (Longtine et al.
1998). Yeast transformations were performed using a standard
LiAc procedure (Gietz and Schiestl 2007). Transformants expressing the selectable marker were single colony purified, and

insertion of the cassette into the correct location and absence of
the unmodified wild type allele were verified by colony PCR.
Strain BY GPH1-GFP:HIS3MX6 (YFA0644) was obtained from
the GFP collection (Huh et al. 2003). RM HO(BY) GPH1GFP:HIS3MX6 (YFA0649) was created by integration of the GPH1GFP allele, which was PCR amplified from YFA0644 genomic DNA
using primers OFA0471 and OFA0472, into RM HO(BY) (YFA0254).
Strains BY GPH1-GFP ira2D::KanMX (YFA0650 and YFA01430)
and RM GPH1-GFP ira2::KanMX (YFA0654) were created by integration of the ira2D::kanMX allele, which was PCR amplified from
YFA0666 genomic DNA using primers OFA0468 and OFA0469. BY
GPH1-GFP ira2D::KanMX was created twice because glycerol stock
storage at 80 C of YFA0650 resulted in a stark reduction in
CRISPR-Swap efficiency.
Strain BY GPH1-GFP ira2_block1D::KanMX (YFA1443) was created by replacing IRA2 block 1 sequence with the KanMX cassette
PCR amplified from nej1D::KanMX (YFA0007) genomic DNA using
primers OFA1079 and OFA1080.

Creation of IRA2 allele fragments used as repair
templates for CRISPR-Swap
All IRA2 allele fragments were PCR amplified from genomic DNA
or commercially synthesized DNA (Twist Bioscience) using
Phusion Hot Start Flex DNA polymerase (NEB). Genomic DNA
was isolated using the 10-min preparation (Hoffman and
Winston 1987). All PCR fragments were analyzed by agarose gel
electrophoresis, excised, purified using Monarch DNA Gel
Extraction Kit (NEB), and quantified using Qubit fluorometric
quantification (Thermo Fisher Scientific).
The IRA2(BY) allele was amplified from BY4741 or YLK1879 genomic DNA and the IRA2(RM) allele (sometimes referred to as
“full-RM”) from YFA0254 or YLK1950 genomic DNA using primers
OFA0468 and OFA0469. These primers amplify a 9,431 bp IRA2
fragment with termini (123 bp at the 50 end and 68 bp at the 30
end) that have a sequence identical to the region flanking the
ira2D::KanMX cassette.
The IRA2 block alleles were created using gene splicing by
overlap extension (SOEing; Horton et al. 1989). Each of the 4 block
regions was PCR amplified from BY (BY4741 for blocks 1 and 2
and YLK1879 for blocks 3 and 4) and RM (YFA0254) genomic DNA.
Primers used were: block 1, OFA0467, and OFA0455; block 2,
OFA0456 and OFA0457; block 3, OFA0458 and OFA0459; and block
4, OFA0460 and OFA0544. Pairwise fusions of block 1 and block 2
(four combinations) were amplified with primers OFA0467 and
OFA0457 and block 2 and block 3 (four combinations) were amplified with primers OFA0458 and OFA0544. Finally, all pairwise
fusions of blocks 1 and 2, and blocks 3 and 4 (16 combinations)
were fused by amplification with primers OFA0468 and OFA0469.
The IRA2 block 1 RM allele was created in the same manner as
the IRA2 block allele RBBB.
Single-variant alleles were created by PCR SOEing using complementary primers containing the desired RM variant (see
Supplementary Table S3). In the first step, two PCR amplifications were performed using BY (YLK1879) genomic DNA as a template. The first amplification used the variant-specific reverse
primer and OFA0467, and the second amplification used the
variant-specific forward primer and OFA0544. In the second step,
the two PCR fragments were fused using primers OFA0468 and
OFA0469.
The IRA2 block 1 synonymous and nonsynonymous variant
alleles were PCR amplified using primers OFA0468 and OFA1124.
Amplification with these primers creates a 1,978 bp IRA2 fragment with termini (123 bp at the 50 end and 54 bp at the 30 end)
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size of IRA2. At 9,240 base pairs (bp), the IRA2 open reading frame
(ORF) is one of the 10 longest ORFs in the yeast genome and contains many variants (Cherry et al. 2012).
Here, we leveraged recent advances in genome engineering
and phenotyping (Lutz et al. 2019) to dissect the molecular basis
of the IRA2 hotspot on trans gene expression. We show that IRA2
contains at least seven causal nonsynonymous variants whose
effects are modulated by epistatic interactions among neighboring variants and along the length of the gene. In contrast to the
simpler cases known so far, IRA2 shows that trans-eQTL hotspots
can have a complex molecular genetic architecture, even in a single gene.

S. Lutz et al.

CRISPR-Swap
We followed the protocol of Lutz et al. (2019). For each CRISPRSwap transformation, the amount of the IRA2 allele repair fragments ranged from 1000 to 1500 ng, and the amount of plasmid
pFA0055 (Addgene #131774) was 300 ng. pFA0055 expresses
Cas9 as well as the guide RNA (gCASS5a) that directs Cas9 to the
50 -end of the KanMX cassette. We recovered between 10 and 320
transformants when engineering in BY using the 9,431 bp IRA2 repair template and 504 to more than 900 transformants when using the 1,978 bp IRA2 block 1 repair template. Of the single
colony-streaked transformants, 98–100% had lost G418 resistance, indicating a successful allele exchange.
The 16 chimeric block strains were engineered in one batch, as
were the strains with the four arrangements of synonymous and
nonsynonymous variants in block 1. The BY and RM background
strains were engineered in two batches: one created the BY
GPH1-GFP IRA2(BY) and RM GPH1-GFP IRA2(RM) strains and the
other the BY GPH1-GFP IRA2(RM) and RM GPH1-GFP IRA2(BY)
strains. The IRA2 single-variant strains were engineered in four
batches, corresponding to the four IRA2 blocks. In each batch, a
new IRA2(BY) strain was also engineered, and in batches 1, 2, and
4 a new IRA2(RM) strain was engineered. The IRA2(BY) strains
from these four batches were similar in their effect on Gph1-GFP
expression and therefore were grouped into one IRA2(BY) genotype that served as the baseline for determining the effects of the
other alleles. The IRA2(RM) strains were similarly grouped. The
IRA2 block 1 RM strain was created in the same batch (block 1) as
variants 1–8. The 16 block 1 variant replacement alleles were created in two batches. In the first batch were alleles, A, D, E, F, G, H,
I, J, K, L, M, N along with block 1 full-RM (allele P) and full-BY (allele O), and the second batch had alleles b, c, g, and h, with letter
definitions given in Supplementary Table S3. The strains carrying
all combinations of variants 3, 4, and 6 as RM were created in two
batches. The first batch had all alleles except for ff (variants 4
and 6 RM). In the second batch with the ff allele, a new BY allele
was also created.

Verification of IRA2 alleles after CRISPR-Swap
All G418 sensitive transformants after CRISPR-Swap were assumed to have exchanged the KanMX allele for the provided IRA2
allele. To verify the presence of the correct IRA2 allele and that
strain mix-ups did not occur during the experimental procedures,
some of the strains were partially genotyped at different stages
(see below for details). Verified strains are designated in
Supplementary Table S1.
The IRA2 alleles in the BY GPH1-GFP IRA2(BY) (YFA0658 and
YFA0659) and RM GPH1-GFP IRA2(RM) (YFA0662 and YFA0663)

3

strains were genotyped as BY or RM based on an EcoRI site present in the RM but not the BY allele. Genomic DNA isolated from
these strains was PCR-amplified with OFA0068 and OFA0070. The
PCR product was then digested with EcoRI and analyzed by agarose gel electrophoresis.
For each of the 16 IRA2 block alleles, a representative strain,
either transformant #1 or #2, was confirmed to have the expected
arrangement of blocks by verification of the expected variants at
the block borders after Sanger sequencing. Genomic DNA was
isolated from cultures that were started from glycerol stock
plates (YPFA010 and YPFA011) and used for PCR amplification.
For each strain, the junction between blocks 1 and 2 was amplified using primers OFA0585 and OFA0905 and sequenced with
OFA0904, and the junction between blocks 3 and 4 was amplified
using primers OFA0906 and OFA0907 and sequenced with
OFA0903. Prior to sequencing, the fragments were analyzed by
gel electrophoresis and purified using a Monarch DNA Gel
Extraction Kit (NEB). All strains had the expected variants in the
sequenced fragment. One strain, RRBR #1 had a de novo variant in
the sequenced region resulting in an aGc to aTc (S1860I) amino
acid change. This strain was not removed from phenotyping and
its Gph1-GFP expression was similar to that of the other RRBR
transformants. None of the RBRR transformants were sequenced.
To identify potential ira2 loss of function alleles among the
transformants of the 16 different IRA2 block strains, cells were
spotted onto YNB agar plates and stained with iodine vapors.
Iodine stains wild type yeast cells containing glycogen a dark reddish brown. Cells with elevated RAS-GTP levels, as in the case of
an ira2D, are unable to store glycogen and therefore stain pale
yellow in the presence of iodine (Gil and Seeling 1999). For each of
the 16 strains, 7–8 transformants were stained with iodine and 7/
127 stained pale yellow, possibly due to errors created during the
multiple-round PCR amplification of the IRA2 alleles.
Transformants that stained pale yellow were excluded from phenotyping.
In the IRA2 single-variant strains, the expected amino acid
change was verified for transformants of N148H, S149N, N201S,
Y302H, H306D, A345T, N467D, V567I, Q757H, and 1507V.
Genomic DNA was isolated from cells taken from the randomly
arrayed starter culture plates and PCR amplified using primers
OFA1053 and OFA1054. The PCR fragment was then Sanger sequenced in the region of the expected variant using the following
primers: OFA0592 for N148H and S149N; OFA0589 for N201S;
OFA0591 for Y302H, H306D, and A345T; OFA0536 for N467D;
OFA0904 for V567I; OFA0539 for Q757H; and OFA0540 for I1507V.
Each of the block 1 variant replacement alleles and the combinations of variants 3, 4, and 6 as RM alleles were Sanger-sequenced prior to the CRISPR-Swap procedure to verify that the
majority of the repair template molecules had the correct sequence. After CRISPR-Swap, genomic DNA was isolated from select variant 3, 4, and 6 transformants and PCR-amplified with
OFA0467 and OFA0905. The resulting fragments were Sanger-sequenced with OFA0467, OFA1117, OFA0536, and OFA1122 to verify the entire block 1 sequence. See Supplementary Table S1 for
more information.

Phenotyping of Gph1-GFP expression and growth
rates in the plate reader
Starter cultures were inoculated with cells from glycerol stocks
and grown overnight at 30 C in 800–1000 ll of YPD medium in a
2-ml deep-96-well-plate. The plates were sealed with a Breathe
Easy membrane (Diversified Biotech) and placed on an Eppendorf
MixMate set at 1100 rpm. After overnight growth, the starter
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that are identical to the region flanking the ira2_block1D::KanMX
cassette. The synBYnonsynBY and synRMnonsynRM alleles were
amplified from BY and RM genomic DNA (YLK1879 and YLK1950,
respectively), and the synBYnonsynRM and synRMnonsynBY
alleles were amplified from synthetic DNA (Twist Bioscience).
The block 1 variant replacement alleles were created in two
steps. In the first step, two fragments were PCR amplified using
BY genomic DNA (YLK1879) or synBYnonsynRM synthetic DNA
(Twist Bioscience) as a template. In the second step, the two fragments were fused by PCR SOEing using primers OFA0468 and
OFA1124 (see Supplementary Table S3 for further details).
The alleles of all combinations of variants 3, 4, and 6 were created by PCR SOEing. The individual variant alleles were created
first and then used as templates for the creation of the remaining
combinations (Supplementary Table S3).
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Designation of IRA2 domains
Conserved regions between Ira2 and NF1 were determined by
multiple sequence alignment of Ira2/Ira1/NF1 sequences from
Candida glabrata (KTB00138.1), Saccharomyces paradoxus (translated
from CP020290.1) Kluyveromyces lactis (translated from
CR382125.1), Homo sapiens (P21359.2), and S. cerevisiae
(AAA34710.1 and AAA34709.1) using Clustal Omega (Sievers et al.
2011), as provided through the EMBL-EBI analysis tool API
(Madeira et al. 2019).
The CHD (Neurofibromin CTD-homology domain) and Sec-PH
(Sec14 homologous and pleckstrin homology-like domain) were
defined by previous studies (D’angelo et al. 2006; Luo et al. 2014).
We defined the Threonine-Serine Rich Domain (TSRD) as a region
that extends from amino acid 399 to 1021 and is enriched for serines and threonines, but not enriched for cysteines. This region
has 23/24 of the detected phosphorylation sites in Ira2 (Holt et al.
2009; Swaney et al. 2013; Lanz et al. 2021). We chose the start of
the TSRD at a cluster of serines and the end at the last detected
phosphorylated residue. The TSRD is 16.5% serine and 10.6%
threonine, while the flanking amino acids 1–398 and 1022–1645
have 13.1% and 6.3% serine and 8.5% and 5.3% threonine residues, respectively.

Ancestral alleles and BY and RM allele
frequencies
Ancestral alleles were determined by comparison with two different evolutionary outgroups to BY and RM. First, we determined
the nucleotide allele present in the closely related species S. paradoxus after an alignment of IRA2(BY) to GenBank
#AABY01000044.1. Second, we obtained the nucleotide allele present in the Taiwanese S. cerevisiae isolate EN14S01 (“standardized
name”: “AMH”) from Peter et al. (2018). EN14S01 is a member of
the highly diverged clade 17 thought to have branched early from
all other S. cerevisiae isolates. Ancestral alleles defined by these

two outgroups are in good agreement (Supplementary Table S4).
The population allele frequencies of the BY and RM variants
across 1011 S. cerevisiae species were obtained from Peter et al.
(2018). Predictions of variant effects were obtained using
PROVEAN (Choi and Chan 2015; http://provean.jcvi.org) and
Mutfunc (Wagih et al. 2018; http://mutfunc.com) and are based
on amino acid conservation and properties. Variant changes
resulting in PROVEAN scores of less than 2.5 are predicted to be
deleterious.

Statistical analyses of allele effects
All statistical analyses were conducted in R (https://www.r-proj
ect.org) version 4.0.4. The effect of RM alleles on the expression
of GPH1-GFP and the growth rate (y) was estimated using the
“lmer” function in the lme4 package (Bates et al. 2015) for fitting
mixed-effects linear models. In each case, one RM allele (such as
a block or a single variant, see below) was compared to strains
with the BY allele that were measured during the same runs in
the plate reader. The models included the genotype (BY vs the
given RM allele) as a fixed effect, plate and transformant as random effects (denoted in parentheses), and the residual error (e):
y ¼ ðplateÞ þ ðtransformantÞ þ genotype þ e
The effects of genotype were estimated as slopes in the linear
models. Significance was calculated by using type I Analysis of
variance (ANOVA), as provided by the lmerTest package
(Kuznetsova et al. 2017). These linear models and ANOVAs were
performed to test the following effects:
1) The RM vs BY allele in both the BY or RM background.
2) The various BY/RM combinations of the four blocks.
3) The effect of each individual nonsynonymous variant compared to BY.

Testing for epistasis using ANOVA
We used linear models implemented in the nlme package
(Pinheiro et al. 2021) to test for epistasis between the BY or RM
background genotype and full BY or RM IRA2 allele, among the
four blocks, and among the single variants 3, 4, and 6 in block 1.
The models fitted the effects of all respective alleles (full BY/RM,
the four blocks, or the three variants) simultaneously, along with
all two-way, three-way (blocks and the three variants in block 1),
and four-way interactions (blocks):
Background-allele interaction model:
y ¼ ðplateÞ þ ðtransformantÞ þ genotype : allele þ e
Block model:
y ¼ ðplateÞ þ ðtransformantÞ þ b1 : b2 þ b1 : b3 þ b1 : b4 þ b2
: b3 þ b2 : b4 þ b3 : b4 þ b1 : b2 : b3 þ b1 : b2 : b4 þ b1 : b3
: b4 þ b2 : b3 : b4 þ b1 : b2 : b2 : b4 þ e
Three-variant model:
y ¼ ðplateÞ þ ðtransformantÞ þ b1 : b2 þ b1 : b3 þ b2 : b3 þ b1 : b2
: b3 þ e
We tested the significance of each term using a type I ANOVA
through the sequential addition of terms to the model above.
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culture plates were sealed with aluminum foil and stored at 4 C
for the duration of phenotyping.
For each phenotyping plate run, 10 ll of resuspended cells
from the starter culture plate were used to inoculate 600–800 ll
of YNB LowFlo medium in a 2-ml deep-well plate. These precultures were grown overnight as described for the starter cultures. After overnight growth, the pre-cultures were diluted to an
OD600 ¼ 0.05 in 100 ll of YNB LowFlo medium in a 96-well flatbottom plate (Costar) and the plates were sealed with a Breathe
Easy membrane (Diversified Biotech).
The strains were grown for 24 h in a Synergy H1 (BioTek
Instruments) plate reader at 30 C with readings taken every
15 min for 97 cycles with 10 s of orbital shaking between reads
and 13 min between cycles. Cell growth was characterized using
absorbance readings at 600 nm and Gph1-GFP expression was
measured from the bottom of the plate using excitation at
488 nm and emission at 520 nm.
Data were processed as described in Lutz et al. (2019). Briefly,
we fit growth curves to each well to identify the inflection point
at which the yeast culture begins to exit exponential growth. We
extracted the fluorescence and OD600 values at this point as well
as the two-time points flanking it, took their respective averages,
and calculated the log2 of the ratio between the average fluorescence value and the average OD600 value as the Gph1-GFP expression level for the given well.
Growth rates were extracted from the same plate reader data,
defined as the number of doublings per hour at the inflection
point.

S. Lutz et al.

Except for variants 3, 4, and 6, the single-nucleotide variants
were not engineered in all combinations, precluding the use of interaction terms in a linear model. Instead, we asked whether the
effects of single variants in block 1 could sum to the observed
effect of block 1. To properly take into account measurement error across our experimental design, in which individual transformants were run multiple times in several different runs of a
plate reader, we used bootstrapping. We performed stratified
sampling with replacement across measurement plates, ensuring
that each genotype was represented at the same sample size as
in the full data. For each bootstrapped experiment, we fit linear
models as described above and extracted the effect estimate.
Single-variant effect estimates were summed to calculate the effect they would be expected to have together under an additive
model. We performed 10,000 of these bootstraps to generate two
distributions. The first distribution represented the difference between BY and the full block 1 RM allele, and the second distribution represented the sum of the effects of the single variants in
block 1. Significance testing was performed by calculating the
overlap between the two distributions. If the central 95% quantile
range of the two distributions did not overlap, we considered it
significantly unlikely that the additive effects of the single variants are able to account for the observed effect of the multivariant allele. The less the two bootstrapped distributions overlap,
the stronger the evidence for epistatic interactions among the
given set of single variants.

Population genetic analyses
DNA variation data from 1011 yeast isolates (Peter et al. 2018) was
obtained from the “1011Matrix.gvcf.gz” file available at http://
1002genomes.u-strasbg.fr/files/ and handled using the vcfR R
package (Knaus and Grünwald 2017). We used the popgenome R
package (Pfeifer et al. 2014) to compute diversity parameters and
the dNdScv package (Martincorena et al. 2017) to compute dN/dS.
Sequences for the fixed substitutions between species were
extracted from a local alignment of IRA2 sequences from BY and
S. paradoxus (GenBank: AABY01000044.1) using SNP-sites (Page
et al. 2016). Integrated haplotype score (iHS) statistics were computed using the rehh package in R (Gautier and Vitalis 2012), using a freqbin parameter of 10.

Code availability
All analysis code is available at: https://github.com/Krivand/
Multiple-causal-DNA-variants-in-a-single-gene-affect-gene-ex
pression-in-trans

Results
Protein-coding variation in IRA2 affects gene
expression in trans
Between BY and RM, the IRA2 coding region differs at 26 nonsynonymous and 61 synonymous variants (Figure 1A). Comparison
of the nonsynonymous variants to those in the ancestral
Taiwanese isolate shows that 19 are derived in RM and 7 are derived in BY (Peter et al. 2018; Supplementary Table S4). Two nonsynonymous variants are relatively rare in the population, with a
derived allele frequency of 10% or less; four other variants are
predicted to be deleterious by the PROVEAN tool (Choi and Chan
2015), and five variants were predicted to be “impactful” by the
mutfunc tool (Wagih et al. 2018; Supplementary Table S4).
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Together, this information did not suggest an individual variant
as the obvious source of the effects arising from IRA2.
The Ira2 protein negatively regulates the cAMP-PKA signaling
pathway by stimulating conversion of RAS GTPase (Ras1,2) from
the active GTP-bound form to the inactive GDP-bound form
(Figure 1B). RAS-GTP activates adenylate cyclase (Cyr1) to produce cAMP. High cAMP results in activation of Protein Kinase A
(PKA). Phosphorylation of proteins by PKA leads to an increase in
cell proliferation and a decrease in stress tolerance (Thevelein
and de Winde 1999). One target of PKA is the transcription factor
Msn2,4, which upon phosphorylation is retained in the cytoplasm
where it is unable to activate expression of genes that contain
stress-response elements (Martı́nez-Pastor et al. 1996; Görner
et al. 1998). One of these genes is GPH1, which encodes glycogen
phosphorylase, an enzyme required for the breakdown of glycogen (Wohler Sunnarborg et al. 2001). The expression of GPH1
mRNA and Gph1 protein is strongly affected by the IRA2 locus,
with the RM allele resulting in higher expression (eQTL LOD ¼ 21,
protein QTL LOD ¼ 60; Albert et al. 2014, 2018). Therefore, we
chose Gph1 tagged with green fluorescent protein (GFP) as a phenotypic readout of trans gene expression in strains with engineered IRA2 alleles (Material and methods).
The presence of the RM allele compared to the BY allele of the
IRA2 ORF resulted in a significantly higher Gph1-GFP expression
and lower growth rate, confirming that coding variants in IRA2
contribute to the effects of this locus (Figure 1C). These effects
were present in both the BY and RM strain backgrounds. The
effects were larger in RM than in BY (ANOVA; Figure 1, C and D,
and Supplementary Tables S5 and S6), suggesting the presence of
epistatic interactions between variation in the IRA2 coding region
and other variants elsewhere in the genome.
Increased expression of Gph1-GFP in the presence of the IRA2RM allele is consistent with the direction of known effects of this
locus (Albert et al. 2014, 2018). Based on the function of Ira2
(Figure 1B), increased GPH1 expression and decreased growth are
expected in the presence of a more active IRA2 allele. Thus, given
that RM carries more derived nonsynonymous alleles than BY,
our findings agree with earlier results (Smith and Kruglyak 2008)
that the RM allele of IRA2 has evolved higher activity than the
more ancestral BY allele.

IRA2 harbors multiple causal variants with
extensive epistatic interactions
Due to the large number of variants in the IRA2 ORF, we divided
it into four blocks balancing size and number of nonsynonymous
variants (Figure 2A). We then created 16 chimeric alleles representing all combinations of the four blocks to narrow in on the
causal variant(s) and allow testing for potential nonadditive
interactions between the blocks. These and all following allele
replacements were performed in BY due to the higher efficiency
of genome engineering in this background (Lutz et al. 2019).
We measured the effect of the alleles on Gph1-GFP expression
and growth rate (Supplementary Tables S7 and S8). At each of
the first three blocks, the IRA2 RM sequence significantly increased Gph1-GFP expression, with the largest effect resulting
from block 1 (Figure 2B, Table 1, Supplementary Figure S1, and
Supplementary Table S7). Thus, there must be at least three
causal variants in the IRA2 RM allele, one in each of blocks 1, 2,
and 3.
One combination of blocks (with the RM allele at the first three
blocks and the BY allele at the last block, “RRRB”) resulted in significantly higher Gph1-GFP expression than the allele carrying
RM alleles at all four blocks (One-way ANOVA: P ¼ 0.035,
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Figure 1 RM variants within the coding region of IRA2 increase Gph1-GFP expression in trans. (A) Schematic showing nonsynonymous variants
(lollipops) and domains (colored boxes) in the Ira2 protein. The NF1 schematic is modified from Bergoug et al. (2020). Amino acid positions of domain and
conservation boundaries are indicated. The shaded region connects the extended regions of amino acid conservation between Ira2 (positions 1253–3079)
and NF1 (positions 909–2818). (B) The role of IRA2 in the cAMP-PKA pathway including GPH1. The anticipated change in the levels or activity in the
presence of the RM vs the BY allele is indicated by red arrows. Activation of PKA occurs upon binding of cAMP (orange circle) to the regulator Bcy1,
resulting in its dissociation from the catalytic subunits (Tpk1, 2 or 3). See main text for more details. Figure is adapted from Santangelo (2006). (C) Effect
of the IRA2 RM coding variants on Gph1-GFP expression and growth rate in the BY and RM backgrounds. For each strain, three to six transformants were
phenotyped at least 10 times during two plate reader runs. Different shapes represent different plate reader runs. Lines connect measurements of the
same transformant. The boxplots show the median as thicker central lines and the first and third quartiles computed on averaged phenotypes per
transformant. (D) The IRA2 RM allele effect in the BY and RM backgrounds. The allele effect is the log2 of the average Gph1-GFP expression or growth
rate in the presence of the RM allele minus that in the presence of the BY allele. Error bars are the standard error of the estimate. P-values are for a
comparison between the RM allele and the BY allele in the designated background.

Figure 2B). Thus, higher Gph1-GFP levels than those driven by
the full RM allele can be achieved by combinations of BY and RM
variants. Considering that block 4 had no effect when swapped in
isolation (Figure 2B, Table 1, and Supplementary Table S7), this
difference between the RRRB construct and the full RM allele suggests that there are epistatic interactions between variants in
block 4 and variants in the other blocks.
Comprehensive ANOVA on our fully crossed set of block chimeras revealed widespread nonadditive epistatic interactions
along the length of IRA2. These included interactions between
three pairs of blocks, with the strongest effect occurring between
blocks 1 and 2 (Table 1 and Figure 2C). Higher-order interactions
also existed among combinations of three blocks. They were further modulated by alleles in the remaining block, forming a

significant four-way interaction (Table 1). In summary, IRA2 harbors multiple variants that affect Gph1-GFP expression in trans,
with effects that are shaped by extensive nonadditive interactions.

Minor effects of individual nonsynonymous RM
variants
To examine the effects of single variants in IRA2, we engineered
and phenotyped 26 IRA2 strains that each carried the RM allele at
a single nonsynonymous variant (Figure 3A, Supplementary
Figure S2, and Supplementary Tables S9 and S10). Four singlevariant RM alleles (L1135F, I1507V, F2000V, and P2364S) significantly altered Gph1-GFP expression. Of these four identified
causal variants, only P2364S was predicted to be deleterious by
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Figure 2 Effect of blocks of IRA2 variants on Gph1-GFP expression. (A) Schematic of Ira2 showing the nonsynonymous variants (lollipops), the block 1–4
junctions (grey vertical lines) and the number of nonsynonymous (nonsyn) and synonymous (syn) variants in each block. (B) Allele effect of each of the
16 block combinations. Each allele was represented by five or six transformants that were each phenotyped five times. The allele effect is the log2 of the
average Gph1-GFP expression in the presence of the indicated allele minus that in the presence of the BY allele. Error bars are the standard error of the
estimate. P-values are for a comparison between the given allele and the BY allele. Only significant values are displayed. P-values were not corrected for
multiple testing. See Supplementary Table S7 for all P-values. (C) Epistasis between blocks 1 and 2. The figure shows residual Gph1-GFP expression after
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PROVEAN, and only L1135F (but not P2364S) was predicted to be
“impactful” by mutfunc. None were rare among yeast isolates,
with derived allele frequencies ranging from 0.36 to 0.51 (Peter
et al. 2018; Supplementary Table S4). The causal variants are located in three different blocks: L1135F is in block 2, I1507V is in
block 3, and F2000V and P2364S are in block 4 (Figure 1).
While three of the single RM variants increased Gph1-GFP expression, the F2000V variant reduced it. This direction of effect is
in the opposite direction of that of the full IRA2-RM allele, revealing transgressive segregation of causal variants in a single gene.
Variant F2000V lies within block 4 along with the variant P2364S,
at which the RM allele significantly increased Gph1-GFP expression. Block 4 as a whole did not significantly alter Gph1-GFP expression, suggesting that the effects of variants F2000V and
P2364S cancel each other out (Figure 2B). These results show
that no single variant underlies the trans effect of IRA2-RM on
Gph1-GFP expression. Instead, a combination of multiple variants must give rise to the overall effect of the full-RM allele at
IRA2.

Epistatic effects among three variants near the 50
end of IRA2
While the block 1 region at the 50 -end of IRA2 had a large effect
on Gph1-GFP expression, none of the eight single variants in this
block had a significant effect on their own (Figure
4A,
Supplementary Figure S3, and Supplementary Table S11). A bootstrap analysis showed that the additive effects of the single variants cannot account for the effect of block 1 (Figure 4A, inset).
In these comparisons, the block 1 RM allele also contains synonymous variants that are not present in the single nonsynonymous
variant alleles. Although synonymous variants do not change
protein sequences, they have been reported to affect complex
traits (She and Jarosz 2018; Sharon et al. 2018). For example, their
effects could arise from changes in translation that could affect
Ira2 expression or function, especially for variants close to the 50 end of the gene (Tuller et al. 2010; Plotkin and Kudla 2011). To test

the combined effect of the synonymous variants, we engineered
alleles of block 1 that carried each of the four combinations of
synonymous and nonsynonymous variants. These alleles showed
that while the nonsynonymous variants in block 1 had a strong
effect (ANOVA P ¼ 8  107), the synonymous variants had no discernible effect (P ¼ 0.20; Supplementary Figure S4). Thus, a nonadditive interaction between at least two of the eight
nonsynonymous variants in block 1 must underlie the effect of
this region.
To narrow in on the epistatic variants, we progressively
replaced RM alleles with BY alleles from each end of block 1.
We anticipated that if the replaced RM allele is engaged in an
epistatic interaction, we would observe a drop in Gph1-GFP expression. Indeed, replacement of RM alleles with BY alleles
from the 50 end toward the 30 end of block 1 resulted in a significant drop in Gph1-GFP expression at variant 3 (N201S). From
the 30 end toward the 50 end, drops resulted at variants 6
(A345T) and 4 (Y302H) (Figure 4B, Supplementary Figure S5,
and Supplementary Tables S12 and S13). These experiments
highlighted variants 3, 4, and 6 as potential epistatic interaction partners. All three variants were among the five predicted
to be impactful by mutfunc, and variant 4 was also predicted to
be deleterious by PROVEAN.
We directly tested for epistatic interactions between variants 3, 4, and 6 by engineering and phenotyping all combinations of these variants (Figure 4C, Supplementary Figure S6,
Table 2, and Supplementary Tables S14–S16). As above, none
of these three variants increased Gph1-GFP expression in isolation. In sharp contrast to these weak single variant effects,
combinations of RM alleles at variants 3 and 4 (P ¼ 6.5  105),
and especially at variants 3 and 6 (P ¼ 2.5  108) significantly
increased Gph1-GFP expression (Figure 4C). These combined
variant effects exceeded those expected from their individual
effects (interaction P-values: 3 and 4: P ¼ 3.7  107; 3 and 6:
P ¼ 4.8  1015). The combination of RM alleles at variants 3 and
6 exceeded the effect of the entire block 1 (P ¼ 0.0034). A
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Table 1 ANOVA of the effects of IRA2 blocks 1–4 as RM

0.2

0.1

-0.1

Population genetic analyses
We examined the distribution of the derived RM alleles at variants 3, 4, and 6 across a population of 1011 S. cerevisiae isolates
(Figure 5 and Supplementary Table S17; Peter et al. 2018). Variant
4 (Y302H) is the most common of the three variants. Its RM allele
is nearly fixed among isolates from the European wine clade, of
which RM is a member. The RM allele of variant 6 (A345T) occurs
in a subset of isolates that also carry the RM allele at variant 4.
Variant 3 (N201S) is the rarest of the three variants. Its RM allele
is found exclusively in isolates that also carry the RM alleles at
variant 4, most of which also carry variant 6. Thus, variant 3
likely arose on a haplotype that already carried variants 4 and 6.
In our allele engineering, strains carrying only the RM alleles at
variants 4 and 6 had Gph1-GFP expression similar to the ancestral BY haplotype, suggesting that these two variants did not convey increased Ira2 activity until the subsequent appearance of
variant 3. Thus, the emergence of increased Ira2 activity in RM
was shaped by the evolutionary sequence in which the three epistatic variants arose.
To ask whether the multiple derived alleles that increase Ira2
activity in RM could have been subject to positive selection we
computed the normalized ratio of nonsynonymous and
synonymous variants (dN/dS). An excess of synonymous variants
(dN/dS < 1) is an indication of negative selection purging amino
acid-changing variants from the population, while an excess of
nonsynonymous variants (dN/dS > 1) can indicate positive selection driving adaptive change of the protein sequence (Kimura
1977). Across all yeast isolates, IRA2 had a dN/dS of 0.48
(Figure 5B). Similarly, the European wine clade isolates showed a
dN/dS of 0.45, providing no evidence that positive selection is acting on the protein sequence of this gene, unless positive selection
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Figure 3 Effect of each nonsynonymous RM variant in IRA2 on Gph1-GFP
expression. Each allele was represented by nine transformants that were
each measured five times. The first eight variants (N148H through V567I)
were measured three additional times in an additional plate
configuration. Significant P-values less than 0.05 for a comparison
between the given allele and the BY allele are shown below the bars.
These P-values were not corrected for multiple testing. See
Supplementary Table S9 for all P-values. In the gene model, single
variants with a significant effect are marked with an asterisk.

were extremely strong (Kryazhimskiy and Plotkin 2008), which
we do not consider likely in the case of IRA2. In accordance with
previous results using a smaller population sample (Smith and
Kruglyak 2008), the fraction of nonsynonymous polymorphisms
in the S. cerevisiae population was significantly higher than the
fraction of nonsynonymous substitutions that have become fixed
between S. cerevisiae and the closely related species S. paradoxus,
irrespective of whether polymorphisms at low frequency were removed from the analyses (Charlesworth and Eyre-Walker 2008),
or whether the entire S. cerevisiae population or only the
European wine clade was analyzed (Fisher’s exact test P  0.009,
Supplementary Table S18). This excess of nonsynonymous polymorphisms indicates relaxed selective constraint or, potentially,
positive selection on the IRA2 sequence within S. cerevisiae (Rand
and Kann 1996). To further probe whether recent positive selection may have acted on the causal IRA2 variants in the clade of
European wine strains, we computed iHS (Voight et al. 2006)
among this clade. IRA2 contained two variants with elevated absolute iHS scores of more than 2.5 in the wine strains (Figure 5C),
but none of the seven causal variants had elevated iHS scores.
Thus, while we cannot rule out that the IRA2 sequence may have
experienced positive selection, a more parsimonious interpretation of these results is that the causal variants identified here
likely evolved under neutral genetic drift.
NF1, the human homolog of IRA2 and IRA1, is known as a hypermutable gene (Philpott et al. 2017), as reflected in a large fraction of
neurofibromatosis cases that are caused by independent mutations
(Clementi et al. 1990; Friedman 1999). In S. paradoxus, loss-offunction mutations commonly occur in IRA2 as well as IRA1,
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Figure 4 Epistatic interactions between nonsynonymous variants in block 1. (A) Effects of each of the eight nonsynonymous RM variant alleles in block 1
and the block 1 RM and full-RM alleles. P-values are for a comparison between the given allele and the BY allele. Only significant P-values less than 0.05
are displayed. See Supplementary Table S11 for all P-values. Each allele was represented by 9 or 10 transformants that were each phenotyped three
(block 1 RM) or eight (variants 1–8) times. Inset plot shows the bootstrap analysis of the effect of the block 1 RM allele compared to the summed effects
of the eight variants in block 1. Same-color vertical lines mark the central 95% quantile range for each distribution. (B) Effect of progressive RM-to-BY
allele replacement within block 1 on Gph1-GFP expression. Each allele was represented by five or six transformants, each measured five times. The Pvalues on the orange lines are for a comparison between the last allele to contain the indicated RM variant and the first allele without this RM variant.
See Supplementary Tables S12 and S13 for all P-values. (D) Effect of all combinations of nonsynonymous RM variant alleles 3, 4, and 6 on Gph1-GFP
expression (left panel) and growth rate (right panel), see Supplementary Tables S14 and S15, respectively, for all P-values. Each allele was represented by
five transformants that were each measured eight times. (B,C) Significant differences (uncorrected P < 0.05) are shown for a comparison between the
given allele and the BY allele. All P-values are available in Supplementary Tables S6 and S8, respectively.

resulting in altered morphology and growth (Roop and Brem 2013).
In experimental evolution studies of S. cerevisiae, adaptive inactivating mutations frequently arise in IRA2 and IRA1 (Lang et al. 2013;
Kryazhimskiy et al. 2014; Venkataram et al. 2016; Li et al. 2019).
These observations raise the question whether multiple (as opposed
to a single) causal variants may have arisen in IRA2 due to a high
mutation rate in this gene. To test this idea, we analyzed sequence
diversity at IRA2 compared to other genes. IRA2 had a nucleotide diversity of 0.2%, placing it in the 91st percentile of all yeast genes
(Figure 5D and Supplementary Table S19). Although IRA2 carries
1,068 variants across the yeast population, this value was not unusually high after accounting for the large size of the IRA2 ORF
(76th percentile of all genes, Supplementary Figure 5E). These two
metrics do not suggest an unusually high amount of variation and
mutation at IRA2.

Discussion
Our dissection of a trans-eQTL hotspot revealed a complex molecular genetic architecture with at least seven causal variants and
extensive epistatic interactions in a single gene. While we focused on protein-coding variants in the IRA2 ORF, variants in the
IRA2 promoter, terminator, or even other genes in this region
may further add to the overall effect of this hotspot. All seven
variants we detected were missense variants that altered the sequence of the Ira2 protein. Synonymous variants had no detectable effect, at least not in the 50 region of IRA2.
We explored why IRA2 harbors multiple causal variants, in
contrast to the single causal variants found in other trans-eQTL
hotspots. Loss-of-function mutations in IRA2 and its paralog IRA1

Table 2 ANOVA of the effects of IRA2-RM variants 3, 4 and 6 on
Gph1-GFP
Variant

3
4
6
3 and 4
3 and 6
4 and 6
3, 4 and 6

Effect

Std. error

t-Value

P-Value

0.030
0.039
0.010
0.11
0.19
0.0026
0.089

0.015
0.015
0.015
0.022
0.022
0.022
0.031

2.03
2.67
0.68
5.31
8.70
0.18
2.84

0.044
0.0084
0.50
3.7 3 10-7
4.8 3 10-15
0.91
0.0051

P-values less than 0.05 are shown in bold.

are frequently observed in experimental evolution studies in S.
cerevisiae (Lang et al. 2013; Kryazhimskiy et al. 2014; Venkataram
et al. 2016; Li et al. 2019) and lead to altered growth and morphology in several natural isolates of S. paradoxus (Roop and Brem
2013). NF1, the human homolog of IRA1 and IRA2, has a high deleterious mutation rate (Philpott et al. 2017) in part due to frequent
recombination between repetitive sequences in the NF1 region
(Upadhyaya et al. 2008). These sequences do not exist in yeast
IRA2. In line with the absence of this mutagenic mechanism,
IRA2 did not show elevated levels of genetic diversity compared
to other yeast genes, suggesting that a high mutation rate does
not explain why IRA2 carries multiple causal variants. Instead,
IRA2 may simply present a prominent mutational target due to
its large size. In addition, detection bias toward single variants
with strong effects (Rockman 2012) may have obscured additional genes with multiple causal variants at other hotspots. If so,
our results on IRA2 may foreshadow future discoveries of genes
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with complex molecular genetic architectures. We were able to
detect the small effects of the causal variants in IRA2 because together they create a large effect that manifests as a trans-eQTL
hotspot. It is interesting to speculate how many variants of similar effect may go unnoticed by QTL mapping because they fail to
co-occur in a fashion that creates a detectable QTL (Kroymann
and Mitchell-Olds 2005; Metzger and Wittkopp 2019; Bernstein
et al. 2019).
Most of the causal variants we identified were derived in RM,
where they increased the activity of the Ira2 protein. This gain of
Ira2 function is in contrast to the mutations often found in studies of experimental evolution. In those studies, loss-of-function
mutations of IRA2, IRA1, and other inhibitors of RAS signaling are
beneficial because they confer faster growth (Lang et al. 2013;
Kryazhimskiy et al. 2014; Venkataram et al. 2016; Li et al. 2019), as
do experimental deletions of these genes (Sezmis et al. 2018).
While the evolutionary characteristics of the gain-of-function
variants in RM are different from the loss-of-function mutations
seen in experimental evolution, both sets of variants act through
the same cellular mechanisms. The effects of our causal variants
on GPH1 expression were anticorrelated with their effects on
growth, even if our growth rate measurements were less precise
than those of gene expression. In particular, the increases in
Gph1-GFP abundance caused by combinations of the three epistatic variants in block 1 were nearly perfectly mirrored by slower
growth caused by the same combinations (Figure 4C). While our
attention was drawn to IRA2 due to its widespread effects on
gene expression (Albert et al. 2018), these concordant effects on
gene expression and growth—an independent trait—suggest that
it is likely that the same causal variants influence the numerous
traits affected by the IRA2 locus in the BY/RM cross (Nguyen Ba
et al. 2021).

Although the causal variants result in increased Ira2 activity,
we did not find convincing evidence that these variants have
evolved under positive selection. This result may be unsurprising
given that these variants tend to reduce growth. However, lossof-function mutations of IRA2 specifically affect only certain
stages of yeast growth (Li et al. 2019), whose relative importance
may vary with specific environmental niches. Likewise, EMSinduced mutations in IRA2 can affect gene expression from the
TDH3 promoter in trans in a manner that depends on the precise
media conditions (Duveau et al. 2021), and the effects of the BY
and RM IRA2 alleles on mRNA abundance differ between media
containing ethanol and glucose (Smith and Kruglyak 2008). These
results suggest that the evolutionary fate of a new mutation in
IRA2 may be highly dependent on the environment an isolate
occupies. Further, the epistatic interactions we discovered among
causal variants show that the effects, and therefore the fate, of
new variants can be strongly dependent on the genetic background on which they occur.
The causal variants in IRA2 highlight the promise and challenge in predicting causal variants. No simple annotation or effect prediction was able to correctly and specifically pick all
seven causal variants that we identified. While the PROVEAN tool
missed most of the causal variants, mutfunc was able to predict
four out of seven variants with high specificity (four of the five
predicted variants were in fact causal). Interestingly, these four
variants included the three epistatic variants in block 1, although
these variants have at most modest effects in isolation when occurring in the BY reference strain. Future work will be needed to
investigate why neither tool was able to correctly identify all
seven causal variants.
Our results support an emerging view that trans-acting genetic
effects on gene expression are as complex as those on organismal
traits. Quantitative traits and gene expression can be highly
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