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Recent work has provided strong empirical support for the classic polygenic model for trait variation. Population-based findings
suggest that most regions of genome harbor variation affecting most traits. Here, we use the approach of experimental genetics
to show that, indeed, most genomic regions carry variants with detectable effects on growth and reproduction in Caenorhabditis
elegans populations sensitized by nickel stress. Nine of 15 adjacent intervals on the X chromosome, each encompassing 0.001
of the genome, have significant effects when tested individually in near-isogenic lines (NILs). These intervals have effects that
are similar in magnitude to those of genome-wide significant loci that we mapped in a panel of recombinant inbred advanced
intercross lines (RIAILs). If NIL-like effects were randomly distributed across the genome, the RIAILs would exhibit phenotypic
variance that far exceeds the observed variance. However, the NIL intervals are arranged in a pattern that significantly reduces
phenotypic variance relative to a random arrangement; adjacent intervals antagonize one another, cancelling each other’s effects.
Contrary to the expectation of small additive effects, our findings point to large-effect variants whose effects are masked by
epistasis or linkage disequilibrium between alleles of opposing effect.
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Impact Summary
Genetic association studies have suggested that nearly
every region of genome harbors variants that affect typical complex traits, providing ample fuel for evolution.
In this study, we test these findings using experimental
genetics in C. elegans. We used high-throughput phenotyping to measure a genetically complex multivariate
quantitative trait. We asked whether 0.001 of the genome
is likely to carry alleles that detectably influence the
trait. For nine of 15 such intervals, we found that allelic
differences between two strains conferred significant
phenotypic effects. Surprisingly, these effects were not
small. If such effects were present across the genome,
the total amount of variation would greatly exceed the
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variation we observe. Our findings point to large-effect
variants whose effects are masked by epistasis or linkage
disequilibrium between alleles of opposing effect.

A detailed understanding of the genetic architecture of complex traits is necessary to address questions about the origin and
maintenance of heritable phenotypic variation and the mechanisms of adaptation. Many models explain heritable variation as
the result of an equilibrium between the introduction of variation by mutation and its erosion by drift and stabilizing selection. For traits affected by enormous numbers of loci, particularly
in species with low effective recombination rates, linkage between variants may also be important. Very tightly linked variants,
inherited together, can act as coupling-phased supergenes that increase phenotypic variance or repulsion-phased linkage blocks
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that reduce phenotypic variance. Under stabilizing selection near
an optimum, we may expect an excess of the latter case: tightly
linked variants with opposite effects. Near a phenotypic optimum,
mutations that counteract the effect of linked variants will be favored, and recombination between antagonistic-effect loci will be
disfavored (Fisher 1930; Mather 1943; Lewontin 1964).
Experimental investigation of tightly linked polygenes is
challenging. Variants that occur in linkage equilibrium in natural populations are necessarily too weakly linked to provide the
relevant long-term selective effects, rendering association-type
methods ineffectual for this question. Polygenes are expected to
have miniscule effects, mandating very high levels of experimental replication. We therefore characterized linked polygene effects
directly by using high-throughput phenotyping and high levels of
replication in experimental panels of recombinant Caenorhabditis elegans. This species is well suited for this type of study, as it
has a short generation time and is naturally inbred (Barriere and
Felix 2005; Gray and Cutter 2014; Frezal and Felix 2015). These
features allow for relatively quick construction of recombinant
panels and high-throughput assays in 96-well plates (Andersen
et al. 2015). Although many traits in C. elegans have a simple
genetic basis (e.g., Palopoli et al. 2008; Ghosh et al. 2012; Noble
et al. 2015; Zdraljevic et al. 2017), complex traits in C. elegans
often have polygenic or otherwise complex architectures (Green
et al. 2013; Glater et al. 2014; Andersen et al. 2015; Greene et al.
2016; Evans et al. 2018; Noble et al. 2017).
A key feature shaping genetic variation in C. elegans is the
species’ androdioecious mating system; most individuals are selffertile hermaphrodites, incapable of mating with one another, and
so most wild individuals are completely homozygous, the product of a predominantly selfing history. Rare males, which arise by
X-chromosome nondisjunction, can mate with hermaphrodites,
introducing rare outcrossing events. Overall, the mating system
means that dominance is expected to play a negligible role in the
patterning of variation, and the low rate of effective recombination contributes to strong linkage disequilibrium and its attendant
evolutionary consequences (Cutter et al. 2009; Felix and Braendle
2010; Rockman et al. 2010; Andersen et al. 2012). In short, in
this species new mutations rarely experience genetic backgrounds
other than those on which they arose, particularly over short genetic distances and short evolutionary timescales.
To characterize the genetic architecture of complex trait variation in C. elegans, we used a sensitizing condition, excess of the
metal nickel, to expose variation that might not be visible under
favorable laboratory conditions, and we measured individual and
population growth rates in animals from two recombinant panels:
a large set of recombinant inbred advanced intercross lines (RIAILs) from a cross of strains N2 and CB4856 (Andersen et al.
2015), and a collection of near-isogenic lines (NILs) carrying
small regions of CB4856 donor genome on the X chromosome

within an otherwise N2 background (Bernstein and Rockman
2016) (Fig. 1). RIAILs leverage genotypic replication across random backgrounds, whereas NILs control for background by holding it constant (Eshed and Zamir 1995; Koumproglou et al. 2002;
Keurentjes et al. 2007; Doroszuk et al. 2009; Shao et al. 2010). RIAILs provide an efficient way to survey the whole genome for loci
with significant marginal effects across multiple backgrounds, but
those multiple backgrounds also contribute phenotypic variation.
Thus, when comparing the phenotype distributions for two genotype classes at a given genetic marker, RIAILs have abundant
variation within each class due to segregating genetic effects.
With NILs, those background effects are eliminated, providing
greater power to detect differences between focal genotypes.
We tested polygeny by estimating the probability that a small
piece of genome, 0.1% of the whole, harbors allelic differences
that affect growth and reproduction. We tested for antagonism
between linked intervals by comparing the effects of the intervals
to those expected under alternative arrangements. And we tested
for the generality of our findings by making a model with parameters that could jointly explain the observed variation in the NIL
and the RIAIL panels.

Methods
Overview
Our experimental goal was to measure quantitative traits at high
replication in a large number of genetically characterized inbred
strains (Fig. 1). For each assay, we initiated a population with
three L4 hermaphrodites and then used a worm sorter to count
and measure the progeny of those founders, yielding a multivariate
population-level phenotype that captures aspects of fecundity and
growth rate (see Results section and Fig. S1 for details). We then
performed statistical tests to evaluate the contribution of genetic
variation to the measured phenotypic variation.
Strains
We used 282 strains from the Andersen panel of Recombinant Inbred Advanced Intercross Lines (Andersen et al. 2015;
Zdraljevic et al. 2017) and 16 strains from the Bernstein panel of
Near Isogenic Lines (Bernstein and Rockman 2016). Details of
strain construction are provided in the Supporting Information.
Growth assays
The RIAILs and the NILs were assayed by worm sorter, as
described previously (Andersen et al. 2015; Zdraljevic et al.
2017). The assay conditions are detailed in the Supporting Information, and phenotype is described in detail in the Results section. Sorter data were processed using the R package
COPASutils (Shimko and Andersen 2014), which is available at
github.com/Andersenlab/easysorter.
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X chromosomes of the two genetic mapping panels. Left: Sixteen of 282 recombinant inbred advanced intercross lines, each

homozygous for a unique mosaic of N2 (orange) and CB4856 (blue) genomes. At any specific marker, approximately half the lines are
homozygous N2 and the remainder homozygous CB4856. Right: Near isogenic lines derive almost entirely from the N2 background but
carry small regions of CB4856 genome within a 1.4 Mb region on the X chromosome. Each CB4856 interval shares a common right
end, so that pairs of most-similar strains differ only by 53–148 kb of genome. In both panels, every strain also carries qgIR1, a 110-kb
introgression of CB4856 genome at 4.8 Mb; this introgression carries the ancestral allele of npr-1, where N2 carries a laboratory mutation
(see Supporting Information). The introgression is included in the experiment to avoid potentially confounding effects of this large-effect
mutation.

For the RIAIL experiments, each of the 282 RIAILs was assayed once. These experiments took place over 10 assay days. For
all analyses of RIAIL data, we used as phenotypes the residuals of
a multivariate linear regression of raw phenotypes on assay day,
modeled as a factor.
Assays of NILs were performed at much higher replication, to
allow for well-powered pairwise comparisons of strains (Fig. S1).
This kind of replication is not necessary in the RIAILs because
each allele is present in roughly half the RIAIL strains, providing
effective replication for the effects of each locus. Prior to each of
three NIL assay days, each of the 16 NILs was grown and passaged
in five independent replicates for four generations to reduce or
eliminate shared transgenerational environmental effects. Then
on the assay day, each of the five independent populations of each
strain was grown in a well on each of nine to 11 different assay
plates, with positions of each NIL randomized across assay days.
In all, this amounts to 2312 assays: 3 assay days × 16 strains × 5
passaging replicates × 9–11 growth assay replicates. One strain
was assayed on only two of the three assay days, and 20 assay
wells were excluded from analysis as outliers, leaving 2293 assays
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(mean 143.3 per strain). All results are robust to the treatment of
outliers.

Statistical analyses
We performed all statistical tests and analyses in R (R Core Team
2017). Fixed-effect multivariate analyses used the R package car
(Fox and Weisberg 2011), and mixed-effect models used the package lme4 (Bates et al. 2015). The raw data for the RIAILs and
NILs are provided as Supporting Information Files S1 and S2,
and an annotated reproducible pipeline for all analyses is present
in Supporting Information File S3.

Linkage mapping in RIAILs
To identify regions of genome that harbor allelic differences that
affect phenotypes, we performed multivariate marker regression
(Knott and Haley 2000) with a forward search strategy (Doerge
and Churchill 1996). The model and fitting procedure are described in Supporting Information. Ten of 282 RIAILs had five or
fewer progeny per initial worm and were excluded from analysis.
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Analysis of near-isogenic lines
We accounted for experimental variation in our measures of NIL
demography by treating assay day, assay plate, well position, and
passaging replicate as random effects in univariate analyses of
each trait. This analysis yielded estimates (Best Linear Unbiased
Predictors) for each trait for each of 237 independently passaged
replicate populations (3 assay days × 16 strains × 5 passaging
replicates, less some missing data). We used this 237-observation
dataset to test whether genotype accounts for phenotypic variation, as described below.
To test for the effect of each interval on the multivariate demography phenotype, we compared two strains at a time. For each
pair of strains that differ by a single interval (that is, the top two
NILs in Fig. 1, or the second and third NILs, or the third and
fourth, etc.), we used a multivariate analysis of variance to ask
whether strain identity explained any of the phenotypic variation.
We used this same approach to test for a significant difference
between the two parental NILs (i.e., the top and bottom NILs in
Fig. 1). To estimate P-values for these comparisons, we used permutations, shuffling the strain labels among the observations for
the pair of strains in each test. We used these permutations to derive null test statistic distributions for univariate trait comparisons
as well.

Results
HIGH-THROUGHPUT MEASUREMENTS OF
MULTIVARIATE PHENOTYPES

To characterize the genetic basis for variation in growth and
reproduction, we used a previously established pipeline for
high-throughput population phenotyping (Andersen et al. 2015;
Zdraljevic et al. 2017). We measured phenotypes for 272 RIAILs
grown in liquid cultures containing 350 µM nickel chloride. We
chose NiCl2 because a preliminary survey of diverse stressors
suggested that the left side of the X chromosome, a region for
which we had previously generated NILs, carried a quantitative
trait locus (QTL) for a nickel-by-genotype interaction. After placing three L4 hermaphrodites in each well of a microtiter plate and
allowing them to mature and produce progeny over four days, we
passed each resulting population through a COPAS BIOSORT
large-particle sorter (Union Biometrica). The sorter counts the
number of animals in each well, and for each animal it measures
time of flight, which serves as a measure of body length. The result of each assay is thus a histogram of the body lengths observed
in the broods of three hermaphrodites at a fixed time (Fig. S1).
We divided the body-length histograms into three bins: less than
90 µm (small), 90–200 µm (medium), and greater than 200 µm
(large), and we calculated the proportion of worms from each
well in each bin. Under control conditions, these bins correspond
to developmental stages L1, L2 + L3, and L4 + adult. These

stage assignments are unlikely to hold under nickel stress, but
they nevertheless provide a simple way of describing the bodylength distribution. The three body-length–bin proportions within
a well must sum to one, so we can use any two proportions to
provide a description of the body-length distribution of the well.
We combined three traits—the proportion of worms in the Small
size bin, the proportion of worms in the Medium size bin, and
Number of progeny per founding L4—into a three-dimensional
phenotype vector [SMN] for our subsequent genetic analyses. As
a shorthand, we refer to this vector as “demography.” This vector
is simply a way of summarizing the body-length histogram in a
manner that retains interpretable features of worm biology. We
chose a multivariate approach because it improves power in cases
where QTL affect combinations of traits (Jiang and Zeng 1995;
Korol et al. 1995; Knott and Haley 2000; Stephens 2013), and
because it obviates problems with multiple hypothesis testing in
the context of high-content high-throughput data.
MULTIPLE QTLs AFFECT REPRODUCTION AND
GROWTH IN RIAILS

We performed multivariate QTL mapping to identify regions
of the genome that influence demography in the RIAILs. We
employed simple multivariate marker regression (Knott and
Haley 2000) on the assay-corrected RIAIL phenotypes, and
we used a forward search strategy with a genome-wide P =
0.05 permutation-based residual empirical threshold (Doerge and
Churchill 1996). This approach identified eight significant QTL
(Fig. 2A). The effects of the CB4856 allele at each QTL, projected
into bivariate space, are plotted in Figure 2B, and the underlying
phenotype data are in Figure S2. Many of the QTL influence
multiple aspects of demography, although several are restricted to
one or a few trait axes. For example, QTL 3 affects the proportion of worms in the medium size class, but it has little effect on
progeny number or the proportion of small worms. For each trait,
we observe QTL where the CB4856 allele increases the trait value
and others that decrease it. For example, QTL 4 and 5, linked on
chromosome IV, are nearly collinear in three-trait space, but with
effects in opposite directions. In other words, the parental strains
carry mixtures of antagonistic alleles.
We found no evidence for pairwise or higher order epistasis
among the detected QTL (P = 0.52 and 0.99 for comparisons
to a purely additive model), and the eight-QTL model explains
29% and 16% of the variance in the small and medium size worm
proportions, and 8% of the variance in progeny number.
NEAR ISOGENIC LINES PROVIDE A DIRECT TEST OF
A POLYGENIC ARCHITECTURE

One possible genetic model for our traits ascribes the unexplained phenotypic variation to a large number of variants spread
across the genome. Under this polygenic model, any region of
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Figure 2. Quantitative trait loci in RIAILs. (A) Multivariate QTL scans with a forward search strategy identified an eight-locus genetic
model. Test statistic profiles (−log10 (p)) for eight sequential scans are plotted in different colors, and the QTL retained from each scan

indicated by its number and color. The x-axis represents genetic position. The solid red box below the X chromosome marks the NIL
interval dissected later in the paper. Each QTL is annotated according to whether its univariate effect is nominally significant (P < 0.05)
for small worm proportion (S), medium worm proportion (M), or number of progeny (N). (B) Bivariate projections of the QTL effects. Each
vector shows the estimated effect of the CB4856 genotype at the indicated QTL, numbered and colored as in panel A.

the genome is likely to harbor phenotypically penetrant variants.
We used a panel of 16 Near Isogenic Lines to test 15 consecutive
intervals of 53–148 kb (i.e., 0.001 of the 100 Mb genome each)
spread along a 1.4 Mb region on the X chromosome (Bernstein
and Rockman 2016). Among the RIAILs, this region is partly
contained within QTL 2 (Fig. 2A), although it does not include
the QTL peak (Fig. S3).
The NILs allow for straightforward tests, comparing two
strains that differ only in a single interval. These strains enable
us to control for loci outside the interval (thereby removing a
major source of within-marker-class variation), and they expose
the variation within the interval that could be masked by tightly
linked antagonistic QTL. In total, there are 1838 SNPs and 635
indels in the NIL interval (Thompson et al. 2015). We assayed
growth in three independent experiments (Fig. S1). In each of
the three experiments, each strain was grown in five independent
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replicate populations and passaged over several generations, prior
to phenotype assays, to reduce shared environmental effects. Each
of these passaging replicates was then assigned to a random well
position in a 96-well plate, and that plate layout was replicated
across 9–11 plates within that assay day. In total, we analyzed
NIL demography in 2293 assays (mean 143.3 per strain). The
design allows us to test the effect of genotype while accounting for
variation due to experimental factors. Note that our NIL analysis
compares two genotypic classes, each measured approximately
143 times, whereas in the RIAIL analysis, each marker genotype
class is present in approximately 136 (= 272/2) strains.
To account for variation due to experimental factors, we used
univariate mixed-effect models to extract phenotype values (best
linear unbiased predictors) for each of the 15 replicate populations of each NIL (3 assay days × 5 passaging replicates,
less some missing data), using the entire dataset to account for
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Phenotypes of 16 near isogenic lines. (A) Boxplots show the distribution of trait values for 15 replicates of each of the 16
NILs, after accounting for variation due to experimental factors. (B) Multivariate strain phenotypes from a fixed-effect model, with each
NIL colored as in panel A. The parental NILs are highlighted.

Figure 3.

variation due to assay day, assay plate, and well position. We then
applied a fixed-effect multivariate model to estimate each strain’s
demography phenotype. As shown in Figure 3, the NILs vary in
demography. Most of the variation is confined to a subspace, as
the proportions of small- and medium-sized worms are highly
negatively correlated among the NILs (Fig. S4). The parental
NILs, one entirely N2 and the other entirely CB4856 within
the NIL region, differ from one another slightly but significantly
(P = 0.001). The differences between the parental NILs are limited to the size-class distribution, as the number of progeny is
indistinguishable (P = 0.79; Fig. 3).

MULTIPLE QTLs ARE FOUND WITHIN THE NIL
INTERVAL

We tested whether the demography phenotype of each strain differed significantly from that of the genetically adjacent strain,
thereby testing each of 15 genomic intervals. Twelve of the 15 intervals contained nominally significant QTL, nine at a Bonferroniadjusted P-value threshold of 0.003 (Fig. 4A; Table S1).

The estimated effects of each NIL interval are plotted in
Figure 4B, and they reveal several striking patterns. First, as in
the case of the RIAILs, the effects point in both directions for
each trait, indicating that the NIL region harbors a mixture of antagonistic QTL. Adjacent intervals often have effects in opposite
directions. For example, intervals f and g result in an increase and
decrease in the number of progeny, cancelling one another’s effects. Second, many effect vectors are nearly collinear, consistent
with the reduced range of variation in certain axes of phenotypic variation. For example, intervals f, l, and o have effects that
nearly occupy a line in three-dimensional space, with l’s effect
in the opposite direction to that of f and o. Most of the intervals
have pleiotropic effects, and some effect directions are absent.
For example, no interval simultaneously increases the number of
progeny and the proportion of small worms. As in the RIAILs,
some of the NIL QTL affect only one or a few of the phenotypic
axes. For example, interval n acts almost exclusively on progeny
number. In general, the orientations of the effects are quite different from those observed for the QTL detected in the RIAILs
(Fig. 2B), indicating a substantially different genetic correlation
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Figure 4. NILs reveal antagonistic QTL. (A) The genotypes of the 16 NILs, at left, define 15 intervals (a-o). By comparing strains that
differ only in a single interval, we tested for the effect of the interval on demography, with the results plotted as −log10 of the P-value.

The dashed line indicates the Bonferroni-adjusted significance threshold, P = 0.05/15. The trait column indicates which intervals have
nominally significant (P < 0.05) univariate effects on each of the three traits (small, medium, and number). The bar plot at right shows
the number of SNPs and indels in each interval. Each significant point is colored to facilitate comparison with panel B. (B) Estimated
effects of the CB4856 genotype for each significant NIL interval.

structure in the two experimental panels. Finally, the magnitudes
of the effects in the NILs are large, comparable to those detected
in the RIAILs. For example, many of the NIL interval effects
change the number of progeny per animal by 10 offspring.
We found that 60% of 100 kb windows had significant phenotypic effects in this assay (nine out of 15). If we assume that
these windows are typical samples of the 100 Mb genome, simple
extrapolation implies that N2 and CB4856 differ in about 600
100 kb intervals with significant effects on the phenotype. The
large effect sizes in the NILs raise the question of whether a
genome full of such effects is consistent with the variation observed from genome-wide segregation in the RIAILs. We therefore simulated a RIAIL phenotype (number of progeny) by as-
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signing effects to a random 600 of the markers genotyped in the
RIAILs, with effects drawn from a normal distribution with the inferred NIL effect-size mean (−0.1) and variance (8.6). In a million
simulated datasets, the simulated RIAIL variance was on average
11 times greater than the observed RIAIL variance, and never
as low as the observed variance. Other approaches to simulating
the effect sizes, including drawing from a uniform distribution or
resampling directly from the NIL effects, yielded similar results
(Fig. S5).
The simulations aimed to synthesize the RIAIL and NIL
findings, and they reject the simplest such synthesis, wherein the
NIL interval effects are simply assigned to random positions in
the genome. An alternative model is that the causal variants of
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The QTL effects of the NIL intervals increase and decrease the phenotype, number of progeny. The estimated effect of

substituting a CB4856 allele (blue) is plotted in the top left panel. The phenotype of the all-orange N2-like NIL is zero and the phenotype
of the all-blue NIL is the sum of the plotted effects. The histogram below shows the phenotype distribution of the NILs. To generate a
null distribution of phenotypic variance, we permuted the order of the NIL effects. At right, an example of permutation is given. The
distribution of phenotypic variance for a million shuffled orders is shown below, with the observed variance indicated by the red line.

opposite sign tend to be tightly linked more than expected under
a random distribution of effect signs (i.e., adjacent antagonistic
QTL cancel one another). Under such a model, we predict (1) that
the sequence of effects along the 15 intervals in the NILs should
not be random but instead should roughly alternate in sign, and
(2) simulations of coupled canceling QTL should recapitulate the
observed RIAIL variance.
To test the first prediction, we asked whether the phenotypic
variance among the NILs is smaller than we would observe if the
NIL intervals were randomly ordered. We estimated the null distribution of this variance by permuting the genetic effects among

the NIL intervals. The null hypothesis of random QTL effect arrangement is rejected with P = 0.014 (Fig. 5). That is, the QTLs
in the NIL intervals are arranged in a sequence that significantly
reduces phenotypic variance relative to a random arrangement.
The phenotypic effect of the 1.4 Mb NIL interval as a
whole—the difference between the parental NILs—is a relatively
modest 1.6 progeny (Fig. 3). If we assume that the NIL interval is typical, and that there are 100 such intervals across the
genome, simulations are consistent with the variance observed
among the RIAILs. For example, if we model 100 QTLs with
effects drawn from a normal distribution with standard deviation

EVOLUTION LETTERS OCTOBER 2019

469

M. R. BERNSTEIN ET AL.

4.5 (rather than 600 QTLs with standard deviation 8.6), and we
assume arbitrarily that the heritability of progeny number in the
RIAILs is 0.5, then the mean simulated RIAIL variance matches
the observed RIAIL variance, and the general features of the RIAIL QTL distribution are also replicated (Fig. S6) (cf. Visscher
and Haley 1996). Notably, this model is only one of an enormous
number of possible genetic models that could synthesize the NIL
and RIAIL findings, but it demonstrates that additive effects in
tight repulsion-phase linkage could account for the observations.
Arbitrary models of suppressive epistasis could also produce these
findings.

Discussion
For more than a century, experimental and theoretical studies have
examined the extent to which phenotypes are polygenic. Evidence
from experimental studies describing quantitative trait variation
suggests that polygeny is the norm (Mackay et al. 2009; Rockman
2012; Boyle et al. 2017). For example, recent analyses of human
genetic variation have inferred that the majority of 1 Mb windows
harbor variation that affects schizophrenia risk (Loh et al. 2015),
and most 100 kb windows affect height (Boyle et al. 2017). These
estimates require assumptions about the relationship between allele frequency, effect size, and linkage disequilibrium (reviewed
by Yang et al. 2017), and direct assessment of individual polygene
effects is difficult in the context of small effects, complex genetic
backgrounds, and low minor allele frequencies. Here, we used
a classical genetics approach to isolate small genomic intervals
and directly assess their effects on complex traits. Our NIL-based
analysis of small genomic region provides a simple and direct
validation of polygeny: most intervals carry segregating variation
that affects a complex trait. Both of our experimental panels, RIAILs and NILs, revealed that two strains, CB4856 and N2, harbor
large numbers of allelic differences that affect demographic traits
under stress.
Nine of 15 intervals, each 95 kb on average, had significant
effects on the phenotypes. The focal region of the X chromosome
is not particularly noteworthy with regard to trait variation as a
whole in these strains (Andersen et al. 2015; Evans et al. 2018).
Its SNP density is similar to the X chromosome arms as a whole,
and the X chromosome arms are considerably less SNP-dense
and indel-dense than the autosome arms (Thompson et al. 2015).
Our simple extrapolation to 600 causal intervals genomewide is
likely conservative, given the probability that tightly linked variants within the nonsignificant intervals may cancel each other’s
effects, causing us to miss them, as we observed for our parent
NILs. Moreover, our power to detect very small effects remains
quite limited. Projecting to the broader C. elegans population, our
sample of two strains provides a narrow view of phenotypically
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relevant genetic variation. N2 and CB4856 differ in our 1.4 Mb
focal genomic region by 1838 SNPs, while a survey of 249 distinct wild isolates (isotypes) identified more than 8900 single
nucleotide variants segregating in the region (Cook et al. 2017,
release 20170531; Hahnel et al. 2018).
The genetic variation that we analyze derives from the two
most widely studied C. elegans isolates. N2 is the canonical reference strain. Isolated from mushroom compost in Bristol, England,
in 1951, the strain experienced substantial adaptive evolution in
the laboratory prior to its cryopreservation in 1969 (McGrath et al.
2009, 2011; Sterken et al. 2015) (only one variant within the NIL
region, in interval o, arose in N2 after its isolation; McGrath et al.
2011). CB4856, isolated from a pineapple field in Maui in 1972,
was for many years the C. elegans isolate most different from
N2, and these two strains have been the subject of an enormous
number of genetic studies. Both strains have exceptional highquality genome assemblies (Consortium 1998; Thompson et al.
2015; Kim et al. 2019; Yoshimura et al. 2019). Population genetic
studies have revealed that the similarity of most wild isolates to
N2 results from very recent partial selective sweeps and migration
events that have homogenized much of the species, while CB4856
retains alleles that were lost in the swept populations (Rockman
and Kruglyak 2009; Andersen et al. 2012). Many other additional
isolates are now known that retain ancestral variation (Cook et al.
2017).
Our results contribute to a growing consensus that tightly
linked antagonistic QTL (whether additive or epistatic) are a common feature of complex-trait architectures (Steinmetz et al. 2002;
Kroymann and Mitchell-Olds 2005; Shao et al. 2008; Gaertner
et al. 2012; Green et al. 2013; Glater et al. 2014; Mackay 2014;
Metzger and Wittkopp 2019). Partial selfing may facilitate the
evolution of these complexes, and they may contribute to the
widely observed pattern of outbreeding depression in the partially selfing Caenorhabditis species (Dolgin et al. 2007; Baird
and Stonesifer 2012; Gimond et al. 2013; Snoek et al. 2014).
Although this pattern may be most common in selfers, it should
arise in any species in traits under stabilizing selection with tight
linkage, as evidenced by excess repulsion-phase linkage disequilibrium between coding and cis-regulatory variants in humans
(Castel et al. 2018). Moreover, for the pattern that we observe—
polygeny and tight linkage of antagonistic effects—to arise by
stabilizing selection, some outcrossing and recombination is required; otherwise, antagonistic alleles could sit anywhere in the
genome and we would not predict an alternating sequence.
Tight repulsion-phase linkage disequilibrium provides a simple model for the generation and storage of cryptic genetic
variation in natural populations (Mather 1943; Lewontin 1964;
Kroymann and Mitchell-Olds 2005; Hansen 2006; Paaby and
Rockman 2014). In Lewontin’s (1964) words,

A N TAG O N I S T I C P O LY G E N E S I N C . e l e g a n s

“Despite the very low genetic variance in the tightly linked
cases, the opportunity for the manifestation of new genotypes
is much greater because gene frequencies are held at intermediate frequencies. The tightly linked genes then have a
greater potential to respond to new selective forces because
potential genetic variability is maintained in the form of linked
complexes.”

On longer timescales, tight linkage among antagonisticeffect loci may explain the widely observed phenomenon of developmental systems drift (True and Haag 2001), whereby cellular
and developmental events are conserved despite extensive functional turnover at the molecular level (Ludwig et al. 2000; Barriere
et al. 2012).
Our data show that a simple model of additive effects in
repulsion-phase linkage disequilibrium can account for the mismatch between the amount of variation in RIAILs and the magnitude of differences between nearly identical NILs. However, more
complicated models are also possible. In particular, our NIL data
do not directly address the possibility that the large effects we
observe are normally masked by epistatic interactions among adjacent intervals. If epistasis is systematically suppressive (Hansen
et al. 2006; Hansen 2013), then the effects of isolated variants will
routinely exceed their effects in their native genetic background.
Such a pattern has been observed repeatedly in laboratory mice
(Shao et al. 2008; Tyler et al. 2016), and several experiments have
pointed to large stores of normally cryptic epistatic variation in
C. elegans that can be exposed by genetic perturbations (Paaby
et al. 2015; Snoek et al. 2017; Sterken et al. 2017). Whether by
repulsion-phase additive effects or tightly linked epistatic variants, C. elegans harbors a store of variation beyond that exposed
by ordinary segregation.

AUTHOR CONTRIBUTIONS
MB and MVR conceived and designed the study with input from SZ
and ECA; MB and SZ performed experiments; MB, SZ, ECA, and MVR
analyzed the data; MB and MVR drafted the manuscript; and all authors
contributed to the final version.

ACKNOWLEDGMENTS
This work was supported by NIH R01GM089972 and R01GM121828
(MVR), and funding to ECA from an NIH subcontract (GM107227),
the Chicago Biomedical Consortium with support from the Searle Funds
at the Chicago Community Trust, and an American Cancer Society Research Scholar Grant (127313- RSG-15-135-01-DD). Support for SZ
came from the NIH Cell and Molecular Basis of Disease training grant
(T32GM008061). We thank J. Bloom, I. Ruvinsky, T. Turner, and three
reviewers for helpful comments. The authors declare no conflicts of
interest.

DATA ARCHIVING
The data and code to reproduce the analyses in the paper are included as
the Supporting Information Material.

LITERATURE CITED
Andersen, E. C., J. P. Gerke, J. A. Shapiro, J. R. Crissman, R. Ghosh,
J. S. Bloom, et al. 2012. Chromosome-scale selective sweeps shape
Caenorhabditis elegans genomic diversity. Nat. Genet. 44:285–290.
Andersen, E. C., T. C. Shimko, J. R. Crissman, R. Ghosh, J. S. Bloom, H.
S. Seidel, et al. 2015. A powerful new quantitative genetics platform,
combining Caenorhabditis elegans high-throughput fitness assays with
a large collection of recombinant strains. G3 5:911–920.
Baird, S. E., and R. Stonesifer. 2012. Reproductive isolation in Caenorhabditis
briggsae: dysgenic interactions between maternal- and zygotic-effect
loci result in a delayed development phenotype. Worm 1:189–195.
Barrière, A., and M.-A. Félix. 2005. Natural variation and population genetics
of Caenorhabditis elegans, WormBook, ed. The C. elegans Research
Community, https://doi.org/10.1895/wormbook.1.43.1.
Barriere, A., K. L. Gordon, and I. Ruvinsky. 2012. Coevolution within and
between regulatory loci can preserve promoter function despite evolutionary rate acceleration. PLos Genet. 8:e1002961.
Bates, D., M. Machler, B. M. Bolker, and S. C. Walker. 2015. Fitting linear
mixed-effects models using lme4. J. Stat. Softw. 67:1–48.
Bernstein, M. R., and M. V. Rockman. 2016. Fine-scale crossover rate
variation on the Caenorhabditis elegans X chromosome. G3 6:1767–
1776.
Boyle, E. A., Y. I. Li, and J. K. Pritchard. 2017. An expanded view of complex
traits: from polygenic to omnigenic. Cell 169:1177–1186.
Castel, S. E., A. Cervera, P. Mohammadi, F. Aguet, F. Reverter, A. Wolman,
et al. 2018. Modified penetrance of coding variants by cis-regulatory
variation contributes to disease risk. Nat. Genet. 50:1327–1334.
C. elegans Sequencing Consortium. 1998. Genome sequence of the nematode
C. elegans: a platform for investigating biology. Science 282:2012–
2018.
Cook, D. E., S. Zdraljevic, J. P. Roberts, and E. C. Andersen. 2017. CeNDR,
the Caenorhabditis elegans natural diversity resource. Nucleic Acids
Res. 45:D650–D657.
Cutter, A. D., A. Dey, and R. L. Murray. 2009. Evolution of the Caenorhabditis
elegans genome. Mol. Biol. Evol. 26:1199–1234.
Doerge, R. W., and G. A. Churchill. 1996. Permutation tests for multiple loci
affecting a quantitative character. Genetics 142:285–294.
Dolgin, E. S., B. Charlesworth, S. E. Baird, and A. D. Cutter. 2007. Inbreeding
and outbreeding depression in Caenorhabditis nematodes. Evol. Int. J.
Org. Evol. 61:1339–1352.
Doroszuk, A., L. B. Snoek, E. Fradin, J. Riksen, and J. Kammenga. 2009. A
genome-wide library of CB4856/N2 introgression lines of Caenorhabditis elegans. Nucleic Acids Res. 37:e110.
Eshed, Y., and D. Zamir. 1995. An introgression line population of Lycopersicon pennellii in the cultivated tomato enables the identification and fine
mapping of yield-associated QTL. Genetics 141:1147–1162.
Evans, K. S., S. C. Brady, J. S. Bloom, R. E. Tanny, D. E. Cook, S. E. Giuliani,
et al. 2018. Shared genomic regions underlie natural variation in diverse
toxin responses. Genetics 210:1509–1525.
Felix, M. A., and C. Braendle. 2010. The natural history of Caenorhabditis
elegans. Curr. Biol. 20:R965–R969.
Fisher, R. A. 1930. The genetical theory of natural selection. Oxford Univ.
Press, Oxford, U.K.
Fox, J., and S. Weisberg. 2011. An R companion to applied regression. Sage,
Thousand Oaks, CA.
Frezal, L., and M. A. Felix. 2015. C. elegans outside the Petri dish. Elife
4:e05849.
Gaertner, B. E., M. D. Parmenter, M. V. Rockman, L. Kruglyak, and P. C.
Phillips. 2012. More than the sum of its parts: a complex epistatic
network underlies natural variation in thermal preference behavior in
Caenorhabditis elegans. Genetics 192:1533–1542.

EVOLUTION LETTERS OCTOBER 2019

471

M. R. BERNSTEIN ET AL.

Ghosh, R., E. C. Andersen, J. A. Shapiro, J. P. Gerke, and L. Kruglyak.
2012. Natural variation in a chloride channel subunit confers avermectin
resistance in C. elegans. Science 335:574–578.
Gimond, C., R. Jovelin, S. Han, C. Ferrari, A. D. Cutter, and C. Braendle. 2013. Outbreeding depression with low genetic variation in selfing
Caenorhabditis nematodes. Evolution 67:3087–3101.
Glater, E. E., M. V. Rockman, and C. I. Bargmann. 2014. Multigenic natural
variation underlies Caenorhabditis elegans olfactory preference for the
bacterial pathogen Serratia marcescens. G3 4:265–276.
Gray, J. C., and A. D. Cutter. 2014. Mainstreaming Caenorhabditis elegans
in experimental evolution. Proc. Biol. Sci. 281:20133055.
Green, J. W., L. B. Snoek, J. E. Kammenga, and S. C. Harvey. 2013. Genetic
mapping of variation in dauer larvae development in growing populations of Caenorhabditis elegans. Heredity 111:306–313.
Greene, J. S., M. Dobosiewicz, R. A. Butcher, P. T. McGrath, and C. I.
Bargmann. 2016. Regulatory changes in two chemoreceptor genes contribute to a Caenorhabditis elegans QTL for foraging behavior. Elife
5:e21454.
Hahnel, S. R., S. Zdraljevic, B. C. Rodriguez, Y. Zhao, P. T. McGrath, and E.
C. Andersen. 2018. Extreme allelic heterogeneity at a Caenorhabditis
elegans beta-tubulin locus explains natural resistance to benzimidazoles.
PLoS Pathog. 14:e1007226.
Hansen, T. F. 2006. The evolution of genetic architecture. Annu. Rev. Ecol.
Evol. Syst. 37:123–157.
———. 2013. Why epistasis is important for selection and adaptation.
Evolution 67:3501–3511.
Hansen, T. F., J. M. Alvarez-Castro, A. J. Carter, J. Hermisson, and G. P. Wagner. 2006. Evolution of genetic architecture under directional selection.
Evolution 60:1523–1536.
Jiang, C., and Z. B. Zeng. 1995. Multiple trait analysis of genetic mapping for
quantitative trait loci. Genetics 140:1111–1127.
Keurentjes, J. J., L. Bentsink, C. Alonso-Blanco, C. J. Hanhart, H. BlankestijnDe Vries, S. Effgen, et al. 2007. Development of a near-isogenic line
population of Arabidopsis thaliana and comparison of mapping power
with a recombinant inbred line population. Genetics 175:891–905.
Kim, C., J. Kim, S. Kim, D. E. Cook, K. S. Evans, E. C. Andersen, et al.
2019. Long-read sequencing reveals intra-species tolerance of substantial structural variations and new subtelomere formation in C. elegans.
Genome Res. 29:1023–1035.
Knott, S. A., and C. S. Haley. 2000. Multitrait least squares for quantitative
trait loci detection. Genetics 156:899–911.
Korol, A. B., Y. I. Ronin, and V. M. Kirzhner. 1995. Interval mapping of
quantitative trait loci employing correlated trait complexes. Genetics
140:1137–1147.
Koumproglou, R., T. M. Wilkes, P. Townson, X. Y. Wang, J. Beynon, H.
S. Pooni, et al. 2002. STAIRS: a new genetic resource for functional
genomic studies of Arabidopsis. Plant J. 31:355–364.
Kroymann, J., and T. Mitchell-Olds. 2005. Epistasis and balanced polymorphism influencing complex trait variation. Nature 435:95–98.
Lewontin, R. C. 1964. The interaction of selection and linkage. II. Optimum
models. Genetics 50:757–782.
Loh, P. R., G. Bhatia, A. Gusev, H. K. Finucane, B. K. Bulik-Sullivan, S. J.
Pollack, et al. 2015. Contrasting genetic architectures of schizophrenia
and other complex diseases using fast variance-components analysis.
Nat. Genet. 47:1385–1392.
Ludwig, M. Z., C. Bergman, N. H. Patel, and M. Kreitman. 2000. Evidence for
stabilizing selection in a eukaryotic enhancer element. Nature 403:564–
567.
Mackay, T. F. 2014. Epistasis and quantitative traits: using model organisms
to study gene-gene interactions. Nat. Rev. Genet. 15:22–33.

472

EVOLUTION LETTERS OCTOBER 2019

Mackay, T. F., E. A. Stone, and J. F. Ayroles. 2009. The genetics of quantitative
traits: challenges and prospects. Nat. Rev. Genet. 10:565–577.
Mather, K. 1943. Polygenic inheritance and natural selection. Biol. Rev.
18:32–64.
McGrath, P. T., M. V. Rockman, M. Zimmer, H. Jang, E. Z. Macosko, L.
Kruglyak, et al. 2009. Quantitative mapping of a digenic behavioral
trait implicates globin variation in C. elegans sensory behaviors. Neuron
61:692–699.
McGrath, P. T., Y. Xu, M. Ailion, J. L. Garrison, R. A. Butcher, and C.
I. Bargmann. 2011. Parallel evolution of domesticated Caenorhabditis
species targets pheromone receptor genes. Nature 477:321–325.
Metzger, B. P. H., and P. J. Wittkopp. 2019. Compensatory transregulatory alleles minimizing variation in TDH3 expression are common within Saccharomyces cerevisiae. Evolution Letters https://doi.org/
10.1002/evl3.137.
Noble, L. M., A. S. Chang, D. McNelis, M. Kramer, M. Yen, J. P. Nicodemus,
et al. 2015. Natural variation in plep-1 causes male-male copulatory
behavior in C. elegans. Curr. Biol. 25:2730–2737.
Noble, L. M., I. Chelo, T. Guzella, B. Afonso, D. D. Riccardi, P. Ammerman,
et al. 2017. Polygenicity and epistasis underlie fitness-proximal traits
in the Caenorhabditis elegans Multiparental Experimental Evolution
(CeMEE) panel. Genetics 207:1663–1685.
Paaby, A. B., and M. V. Rockman. 2014. Cryptic genetic variation: evolution’s
hidden substrate. Nat. Rev. Genet. 15:247–258.
Paaby, A. B., A. G. White, D. D. Riccardi, K. C. Gunsalus, F. Piano, and
M. V. Rockman. 2015. Wild worm embryogenesis harbors ubiquitous
polygenic modifier variation. Elife 4, e09178.
Palopoli, M. F., M. V. Rockman, A. TinMaung, C. Ramsay, S. Curwen, A.
Aduna, et al. 2008. Molecular basis of the copulatory plug polymorphism
in Caenorhabditis elegans. Nature 454:1019–1022.
R Core Team. 2017. R: a language and environment for statistical computing.
R Foundation for Statistical Computing, Vienna, Austria.
Rockman, M. V. 2012. The QTN program and the alleles that matter for
evolution: all that’s gold does not glitter. Evolution 66:1–17.
Rockman, M. V., and L. Kruglyak. 2009. Recombinational landscape and population genomics of Caenorhabditis elegans. PLos Genet. 5:e1000419.
Rockman, M. V., S. S. Skrovanek, and L. Kruglyak. 2010. Selection
at linked sites shapes heritable phenotypic variation in C. elegans.
Science 330:372–376.
Shao, H., L. C. Burrage, D. S. Sinasac, A. E. Hill, S. R. Ernest, W. O’Brien,
et al. 2008. Genetic architecture of complex traits: large phenotypic
effects and pervasive epistasis. Proc. Natl. Acad. Sci. USA 105:19910–
19914.
Shao, H., D. S. Sinasac, L. C. Burrage, C. A. Hodges, P. J. Supelak, M. R.
Palmert, et al. 2010. Analyzing complex traits with congenic strains.
Mamm. Genome 21:276–286.
Shimko, T. C., and E. C. Andersen. 2014. COPASutils: an R package for
reading, processing, and visualizing data from COPAS large-particle
flow cytometers. PLoS One 9:e111090.
Snoek, B. L., M. G. Sterken, R. P. J. Bevers, R. J. M. Volkers, A. Van’t Hof, R.
Brenchley, et al. 2017. Contribution of trans regulatory eQTL to cryptic
genetic variation in C. elegans. BMC Genomics 18:500.
Snoek, L. B., H. E. Orbidans, J. J. Stastna, A. Aartse, M. Rodriguez, J. A. Riksen, et al. 2014. Widespread genomic incompatibilities in Caenorhabditis elegans. G3 4:1813–1823.
Steinmetz, L. M., H. Sinha, D. R. Richards, J. I. Spiegelman, P. J. Oefner, J.
H. McCusker, et al. 2002. Dissecting the architecture of a quantitative
trait locus in yeast. Nature 416:326–330.
Stephens, M. 2013. A unified framework for association analysis with multiple
related phenotypes. PLoS One 8:e65245.

A N TAG O N I S T I C P O LY G E N E S I N C . e l e g a n s

Sterken, M. G., L. B. Snoek, J. E. Kammenga, and E. C. Andersen. 2015.
The laboratory domestication of Caenorhabditis elegans. Trends Genet.
31:224–231.
Sterken, M. G., L. van Bemmelen van der Plaat, J. A. G. Riksen, M. Rodriguez,
T. Schmid, A. Hajnal, et al. 2017. Ras/MAPK modifier loci revealed by
eQTL in Caenorhabditis elegans. G3 7:3185–3193.
Thompson, O. A., L. B. Snoek, H. Nijveen, M. G. Sterken, R. J. Volkers,
R. Brenchley, et al. 2015. Remarkably divergent regions punctuate
the genome assembly of the Caenorhabditis elegans Hawaiian strain
CB4856. Genetics 200:975–989.
True, J. R., and E. S. Haag. 2001. Developmental system drift and flexibility
in evolutionary trajectories. Evol. Dev. 3:109–119.
Tyler, A. L., L. R. Donahue, G. A. Churchill, and G. W. Carter. 2016. Weak
epistasis generally stabilizes phenotypes in a mouse intercross. PLoS
Genet. 12:e1005805.

Visscher, P. M., and C. S. Haley. 1996. Detection of putative quantitative
trait loci in line crosses under infinitesimal genetic models. Theor. Appl.
Genet. 93:691–702.
Yang, J., J. Zeng, M. E. Goddard, N. R. Wray, and P. M. Visscher. 2017.
Concepts, estimation and interpretation of SNP-based heritability. Nat.
Genet. 49:1304–1310.
Yoshimura, J., K. Ichikawa, M. J. Shoura, K. L. Artiles, I. Gabdank, L. Wahba,
et al. 2019. Recompleting the Caenorhabditis elegans genome. Genome
Res. 29:1009–1022.
Zdraljevic, S., C. Strand, H. S. Seidel, D. E. Cook, J. G. Doench, and E. C.
Andersen. 2017. Natural variation in a single amino acid substitution
underlies physiological responses to topoisomerase II poisons. PLos
Genet. 13:e1006891.

Associate Editor: S. Wright

Supporting Information
Additional supporting information may be found online in the Supporting Information section at the end of the article.
Figure S1. Experimental workflow for NILs.
Figure S2. Assay-adjusted multivariate phenotypes for 272 RIAILs.
Figure S3. The NIL interval falls on the shoulder of QTL 2.
Figure S4. A total of 237 estimated phenotypes for the 16 Near Isogenic Lines.
Figure S5. The NIL QTL imply excessive phenotypic variance for the RIAILs under a null model of randomly distributed QTL.
Figure S6. A representative simulation of 100 QTLs with effects drawn from a normal distribution with standard deviation 4.5. The phenotypes of 272
RIAILs were simulated by assigning the QTL to 100 markers in the RIAIL genotype data, calculating the expected phenotypes, then adding an equivalent
amount of random variation (i.e., expected broad sense heritability is 0.5).
Table S1. Permutation-based NIL p-values.

EVOLUTION LETTERS OCTOBER 2019

473

