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ABSTRACT

Evolutionary biologists have long debated the contribution of large-effect mutations to
phenotypic evolution. Although theoretical work suggests that devel opmental,
demographic, and ecological contexts can have profound and predictable impacts on trait
genetic architectures, there are few empirical tests of these predictions. Here, we test the
hypothesis that, due to differencesin pleiotropy in the underlying genetic pathways, the
genetic architecture of overall body color (pigmentation) is predictably simpler (i.e.,
large-effect mutations explain proportionally more of the phenotypic variance) than that
of color patterning. To test this prediction, we crossed divergent populations of the
redheaded pine sawfly (Neodiprion lecontei) that differ in larval body color and melanic
spotting pattern and measured these traitsin their recombinant haploid male progeny.
Using a combination of interval mapping and polygenic associ ation mapping, we
identified large-effect QTL for both traits. Consistent with the pigmentation/patterning
hypothesis, we found that compared to spotting pattern, body color had a larger
percentage of genetic variance attributable to large-effect loci. Additionaly, by
combining mapping results with a linkage group-anchored genome assembly for N.
lecontei, we identified several promising candidate genes for both carotenoid-based
yellow pigmentation and melanin-based spotting pattern. Because few studies have
investigated the genetic basis of naturally occurring variation in larval color and
carotenoid-based pigmentation, our study helpsfill avoid in the invertebrate
pigmentation literature. Finally, we argue that when leveraged to test explicit a priori
hypotheses regarding trait genetic architectures, polygenic association mapping has the
potential to shed new light on the 150-year-old micromutati oni st-macromutationist
debate.

INTRODUCTION

One of the longest running debates in evolutionary biology—tracing its roots back
to disagreements between Darwin (1859) and Huxley (1860)—centers on the contribution
of large-effect mutations to evolutionary change (Mayr 1982; Orr and Coyne 1992). At
one extreme, “micromutationists’ (e.g., Darwin 1859; Pearson 1897; Fisher 1930) have
argued that adaptation results from the accumulation of many alleles of individually small
effect. At the other extreme, “macromutationists” (e.g., Huxley 1860; Bateson 1913;
Morgan 1932; Goldschmidt 1940) have emphasized the role of a small number of large-
effect mutations as the primary drivers of evolutionary change. As often happens when
there is a debate between two conceptual extremes, empirical data on trait genetic
architectures point to a continuum rather than a strict dichotomy (Mackay et al. 2009;
Rockman 2012; Remington 2015; Dittmar et al. 2016). These data indicate that it istime
to move beyond extreme caricatures of the evolutionary process. Instead, with the
development of novel theory (Orr 2005; Dittmar et al. 2016) and powerful new tools for
linking genotype to phenotype in non-model organisms (Davey et al. 2011; Gaj et al.
2013; Goodwin et al. 2016; Huang et al. 2016), we can start to make and test explicit
predictions about where on the micromutati oni st-macromutationist continuum different
traits, organisms, and evolutionary scenarios will fall.


https://doi.org/10.1101/183996

bioRxiv preprint doi: https://doi.org/10.1101/183996; this version posted September 3, 2017. The copyright holder for this preprint (which was

58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103

not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Evolutionary theory predicts that the developmental pathways that giveriseto a
particular trait, the type of selection acting on that trait, and the demography of the
evolving population can all have profound impacts on the expected contribution of large-
effect mutations to adaptation (Remington 2015; Dittmar et al. 2016). Collectively,
theoretical work to date suggests that large-effect mutations are more likely to contribute
to adaptation when: pleiotropy is minimal (Fisher 1930; but see Matuszewski et al.
2014), the effective population size is small (Kimura 1983), the population is adapting to
arapidly moving fitness optimum (Matuszewski et al. 2014), the fitness landscape has
multiple optima (Orr 1998; Matuszewski et al. 2015), the population isfar from the
phenotypic optimum (Orr 1998), migration occurs between locally adapted populations
(Griswold 2006; Y eaman and Whitlock 2011), and/or adaptation proceeds via new
mutations (Hermisson and Pennings 2005; Matuszewski et al. 2015). While additional
theoretical work is needed to more fully explore possible evolutionary scenarios, thereis
also a dearth of empirical tests of existing theoretical predictions (but see Baxter et al.
2009; Rogers et al. 2012; Martin et al. 2017). Given the many factors that influence trait
genetic architectures, rigorous tests of these predictions require the integrated study of the
genetic basis of trait variation, the evolutionary history of populations, and the selective
pressures shaping trait variation.

As one of the best studied morphological characteristics in nature—both from an
ecological and a genetic perspective—color features prominently in the adaptation
genetics literature (True 2003; Protas and Patel 2008; Wittkopp and Beldade 2009;
Manceau et al. 2010; Nadeau and Jiggins 2010; Kronforst et al. 2012). For many
organisms, overall color is determined by two different types of color traits. (1) the type
(and amount) of pigment synthesized (“ pigmentation”) and (2) the distribution of
pigmentation across the body (“color pattern”) (Manceau et al. 2010). The abundance of
discrete pigmentation phenotypes in nature, coupled with the identification of many
large-effect pigmentation mutations via candidate gene analysis, have led some to argue
that the genetic architecture of pigmentation traits—but not color pattern traits—is
atypically smple (Rockman 2012). Thissimplicity is thought to arise as a consequence of
relatively small genetic pathways with at least some minimally pleiotropic genes that
would be permissive of large-effect pigmentation mutations (Rockman 2012).

Testing the hypothesis that the genetic basis of pigmentation is predictably
“simpler” (i.e., morelikely to fall on the macro- end of the micromutationist-
macromutationist continuum) than that of color pattern will require describing the genetic
architecture of both types of traitsin many different organisms. Although some relevant
dataexist (e.g., Martin and Orgogozo 2013), experimental and publication biases make it
difficult to draw strong conclusions. For example, good a priori candidates and a focus
on discrete pigmentation phenotypes that are easy to score may have biased identified
pigmentation loci towards those of large effect (Kopp 2009; Manceau et al. 2010;
Rockman 2012). Thus, to better understand consistent differences that may exist between
pigmentation and color pattern traits, more unbiased, genome-wide analyses of
continuously varying color traits are needed (e.g., Signor et al. 2016).

With these considerations in mind, pine sawfliesin the genus Neodiprion provide
an excellent empirical system for systematically investigating the genetic architecture of
different color traits. First, thereis extensive variation in larval pigmentation and larval
color pattern both within and between species (Figures 1-2). Second, there isinformation
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available on evolutionary relationships between species and, for some species,
demographic histories of populations within species (Linnen and Farrell 2007, 2008a; b;
Bagley et al. 2017). Third, it is possible to rear and cross many different Neodipirion
species in the lab, making genetic mapping approaches tractable (Knerer and Atwood
1972, 1973; Kraemer and Coppel 1983; Bendall et al. 2017). Fourth, a growing list of
genomic resources for Neodiprion—including an annotated genome and methylome for
N. lecontei (Vertacnik et al. 2016; Glastad et al. 2017)—will facilitate fine-mapping and
identification of causal genes and mutations. And finally, we have some understanding of
the ecological function of color variation in pine sawflies and, more generally, in insects,
which we review briefly before returning to the topic of trait genetic architecture.

Under natural conditions, pine sawfly larvae are attacked by a diverse assemblage
of arthropod and vertebrate predators, by alarge community of parasitoid wasps and
flies, and by fungal, bacterial, and viral pathogens (Coppe and Benjamin 1965; Wilson et
al. 1992; Codella and Raffa 1993). To defend againgt predators and parasites, pine
sawflies have evolved responsive chemical defenses. when threatened, larvae regurgitate
aresinous defensive fluid, which they sequester from the host during feedingin a
specialized pair of esophageal diverticula (Codella and Raffa 1993). This defensive
regurgitation, which is often accompanied by a characteristic “U-bend” posture (Figure 1)
and rhythmic jerking, is an effective repellant against many different predators and
parasitoids (Eisner et al. 1974; Codella and Raffa 1995; Lindstedt et al. 2006, 2011).
Although most Neodiprion species appear to be chemically defended and exhibit similar
defensive displays, they vary from a green striped morph that is cryptic against a
background of pine foliage to highly conspicuous aposematic morphs with dark spots or
stripes overlaid on a bright yellow or white background (Figure 1). Thus, larval color is
likely to confer protection against predators either via preventing detection (crypsis) or
advertising unpalatability (aposematism) (Ruxton et al. 2004).

Beyond contributing to cryptic or aposematic coloration, Neodiprion larval color
traits are likely shaped by several additional abiotic and biotic selection pressures. For
example, coloration plays diverse ecological rolesin insects, including thermoregulation,
protection against UV damage, desiccation tolerance, and resistance to abrasion (True
2003; Lindstedt et al. 2009; Wittkopp and Beldade 2009). In addition to acting on
specific color traits, selection may also act on color aleles viatheir pleiotropic effects on
other traits, such as behavior, immune function, diapause/photoperiodism, fertility, and
developmental timing (True 2003; Wittkopp and Beldade 2009; Heath et al. 2013;
Lindstedt et al. 2016). In short, there are many direct and indirect selection pressures
acting on larval coloration, and temporal and spatial variation in these pressures likely
contribute to the abundant intraspecific and interspecific variation in the genus
Neodiprion.

As afirst step to testing the hypothesis that the genetic basis of pigmentation is
predictably simpler than the genetic basis of color pattern (hereafter, the
“pigmentation/pattern hypothesis’), we conducted a quantitative trait locus (QTL)
mapping study of larval pigmentation and larval spotting pattern in the redheaded pine
sawfly, Neodiprion lecontel (Figure 2A). This speciesis widespread across eastern North
America, where it feeds on multiple pine species. A recent population genomic study
identified three main genetic clusters within N. lecontei that diverged during the
Pleistocene and exhibit consistent differencesin larval coloration: (1) a southeastern
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lineage (“ South™) with heavily spotted, yellow larvae and dark head capsulesin early
ingars, (2) a central/mid-Atlantic lineage (“ Central”) with heavily spotted larvae that are
predominantly white in some populations and predominantly yellow in others, and (3) a
northern lineage (“North”) with reduced spotting and yellow bodies (Bagley et al. 2017).
We focus here on the genetic basis of color differences between awhite, heavily spotted
“Central” population and a yellow, lightly spotted “North” population (Figure 2).

The pigmentation/pattern hypothesis predicts that, compared to the distribution of
effect sizes underlying larval color pattern, the distribution of effect sizes underlying
larval pigmentation will be shifted towards mutations of larger effect. Although detection
limits on small-effect QTL make it impossible to estimate the full effect-size distribution
(Otto and Jones 2000; Mackay et al. 2009; Rockman 2012), we can nevertheless
determine whether there are obvious differences among traits in the number and effect
size of QTL that pass the detection threshold in a single mapping population.

Here, we use two complimentary approaches to test the prediction that the
genetic architecture of larval pigmentation will be shifted towards large-effect mutations.
First, we perform traditional interval mapping analysesin R/qtl (Broman and Sen 2009).
Using this method, we determine both the number and effect sizes of QTL detected for
each trait. The pigmentation/pattern hypothesis predicts that, compared to larval spotting,
larval body color will have the largest-effect QTL and/or more QTL of moderate to large
effect. Second, to provide a more direct description of genetic architecture, we employ a
Bayesian Sparse Linear mixed model (BSLMM) developed for genome-wide association
(GWA) mapping (Zhou et al. 2013). This approach yields quantitative estimates of trait
genetic architecture, including a parameter that describes the proportion of genetic
variance that is attributable to large-effect (“sparse’) alleles. The pigmentation/pattern
hypothesis predicts that estimates for this parameter will be higher for larval
pigmentation than for larval color pattern. Finally, as afirst step to identifying casual
loci, we use our linkage map data to anchor the current N. lecontel genome assembly,
then identify potential candidate genes within each QTL interval.

MATERIALS AND METHODS

Cross Design

To investigate the genetic architecture underlying sawfly color traits, we crossed
Neodiprion lecontel females from a white-bodied, dark spotted population (collected
from Valley View, VA; 37°54'47"N, 79°53' 46" W) to N. lecontei males from a yellow-
bodied, light-spotted population (collected from Bitely, M1; 43°47' 46" N, 85°44’ 24" W).
Both populations had been collected from the field in 2012 and reared on Pinus
banksiana (jack pine) for at least two (VA population) or three (M1 population)
generations in the lab via standard rearing protocols (described in more detail in Harper et
al. 2016; Bendall et al. 2017). Our mapping families were derived from four
grandparental pairs, which produced 10 F; females. Like most hymenopterans, N. lecontei
adults reproduce via arrhenotokous haplodiploidy, in which unfertilized eggs develop
into haploid males and fertilized eggs develop into diploid females (Heimpel and de Boer
2008; Harper et al. 2016). Therefore, to produce an F, haploid generation, we allowed
virgin F; females to lay eggs and reared their haploid male progeny on P. banksiana
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195 foliage until they reached a suitable size for phenotyping. In total, we collected

196  phenotypic and genotypic data from 429 F, male progeny for QTL mapping.

197

198 Color phenotyping

199 N. lecontei larvae pass through five (males) or six (females) feeding instars and a
200  single non-feeding instar, which are distinguishable on the basis of color pattern and size
201  (head capsule width and body length) (Benjamin 1955; Coppel and Benjamin 1965;

202  Wilson et al. 1992). For phenotyping, we chose only mature feeding larvae, which have
203  anorange-red head capsule with a black ring around each eye and up to four paired rows
204  of gray to black spots (Wilson et al. 1992). We excluded any individuals that had molted
205 tothefinal non-feeding instar, which have a very different head capsule color and

206  spotting pattern. To generate digital images for phenotyping, we photographed CO.-

207  immobilized larvae (lateral surface) with a Canon EOS Rebel t3i camera equipped with
208 an Achromat S1.0X FWD 63mm lens. We then preserved each larvain 100% ethanol for
209  molecular work. In total, we generated color phenotype data for 30 individuals from the
210 VA population (mixed sex), 30 individuals from the M1 population (mixed sex), 47 F,
211 females, and 429 F, males (progeny of 10 virgin F; females).

212 To quantify larval body color from our digital photos, we used Adobe Photoshop
213  CC 2014 or 2015 (Adobe Systems Incorporated, San Jose, CA) to ascertain the amount of
214  yelow present, following O’ Quin et al. (2013). First, we converted each digital image to
215 CMYK color mode. Next, we selected the eye dropper tool (set to asize of 5x5 pixels) as
216  thecolor sampler tool, which we used to sample three different body locations: the body
217  just behind the head and parallel to the eye, thefirst proleg, and the anal proleg. For each
218  of thethreeregions, this procedure yielded an estimate of the proportion of the selected
219  areathat was yellow. We then averaged the three measurements to produce a single final
220  measurement of yellow pigmentation (hereafter referred to as “yellow”).

221 To quantify larval spotting pattern, we used Adobe Photoshop’s quick-selection
222  tool to measure the area of the larval body (minus the head capsule) and the area of each
223 row of lateral black spots. To control for differencesin larval size, we divided the

224  summed area of all lateral black spots by the area of the larval body. We refer to this

225  phenotypic measure as “ spotting”. We also used the larval images to calculate the area of
226  thehead capsule, which we used as a covariate in some analyses to control for larval size
227  (seebelow). We used a custom Perl script to process Photoshop measurement output files
228  inbulk (written by John Terbot II; available upon request).

229 To determine whether mean phenotypic values for yellow and spotting differed
230  between the two populations and among the three generations of our cross, we performed
231  Welch'stwo-tailed t-tests. To determine the extent to which yellow and spotting co-

232 variedinthe F, males, we calculated Pearson’s correlation coefficient (r). To determine
233 which covariatesto include in our QTL models, we performed ANOV As to evaluate the
234  relationship between the two phenotypes in the F, males (429 total) and their F; mothers
235  (10total) and head capsule sizes (a proxy for larval size/developmental stage). These and
236  dl other statistical analyses were performed in R version 3.3.2 (R Core Team 2013)

237

238  Genotyping

239 We extracted DNA from ethanol-preserved larvae using amodified CTAB

240  method (Chen et al. 2010) and prepared barcoded and indexed double-digest RAD
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(ddRAD) libraries usng methods described elsewhere (Peterson et al. 2012; Bagley et al.
2017). We chose Nlalll and EcoRI as our restriction enzyme pair based on our previous
experience using this enzyme pair for a population genomic analysis of N. lecontei
(Bagley et al. 2017). We prepared atotal of 10 indexed libraries: one consisting of the
eight grandparents and 10 F; females (18 adultstotal), and the remaining nine consisting
of F, haploid male larvae (~48 barcoded males per library). After digestion, adapter
ligation, and pooling, we performed automated size selection of a 376-bp fragment (+/-
38 bp) from each library on a Pippin Prep (Sage Science, Beverly MA). Following size
selection, we performed 12 rounds of high-fidelity PCR amplification using a unigue
[ITlumina multiplex read index for each library (adapter and primer sequences were as
described in Bagley et al. 2017). After verifying library quality using a Bioanalyzer 2100
(Agilent, Santa Clara, CA), we sent all 10 libraries to the University of Illinois Urbana-
Champaign Roy J. Carver Biotechnology Center (Urbana, IL), where the libraries were
pooled and sequenced using 100-bp single-end reads on two [llumina Hi Seq2500 lanes.
In total, we generated 400,621,900 reads.

We demultiplexed and quality-filtered raw reads using the protocol described in
Bagley et al. 2017. We then used Samtools v0.1.19 (Li et al. 2009) to map our readsto
our N. lecontel reference genome (Vertacnik et al. 2016) and STACKS v1.37 (Catchen et
al. 2013) to extract loci from our reference alignment and to call SNPs. We called SNPs
in two different ways. First, for interval mapping analyses, our goal was to recover
markers that represented fixed differences between the grandparental lines. To do so, we
first called SNPsin our eight grandparents and 10 F; mothers. For these 18 individuals,
which included both haploid males and diploid females, we required that SNPs had a
minimum of 7x coverage and no more than 12% missing data. We then examined the
resulting grandparental and F; genotypes to compile alist of SNPs that represented fixed
differences between the two populations and, as an additional quality check, confirmed
that all F, females were heterozygous at these SNPs. We then used STACKSto call SNPs
in the F, haploid males, requiring that each SNP had a minimum of 5x coverage (we
required alower coverage for haploid males because we did not need to distinguish
between homozygous and heterozygous genotype calls), no more than 10% missing data,
and was present in the curated list produced from the grandparents. Filtering in STACKs
produced atotal of 559 SNPs genotyped in 429 F, males.

Second, to maximize the number of SNPs available for GWA mapping analyses
and genome scaffolding, we ran an additional STACKS run using only the F, haploid
males, requiring that each SNP had a minimum of 4x coverage. By removing the
requirement that SNPs were called in all grandparents, we could recover many more
SNPs. We then filtered the datain VCFtools v0.1.14 (Danecek et al. 2011) to remove
individuals with a mean depth of coverage less than one, retaining 408 F, males. After
removing low-coverage individuals, we used V CFtools to remove sites with a minor
alele frequency (MAF) less than 0.05 (as these are unlikely to recover significant
genotype-phenotype associations), sites with >5 heterozygotes (in haploid males, high
heterozygosity is a clear indication of genotyping error), and sites with more than 50%
missing data. To examine the impact of data completeness threshold and SNP number on
our GWA mapping results, we also produced MAF- and heterozygote-filtered datasets
with more stringent (0% missing data) and less stringent (<75% missing data)
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286  completenessfilters. In total, our three filtered datasets contained 1205 SNPs (0%

287  missing data), 3069 SNPs (<50% missing data), and 4162 SNPs (<75% missing data).
288

289  Linkage map construction and genome scaffolding

290 To construct alinkage map for interval mapping, we started with 559 SNPs

291 scored in 429 F, males. After an additional round of filtering in R/gtl (Broman and Sen
292  2009), we removed 11 haploid males that had >50% missing data, for atotal of 418 F,
293  males. Additionally, after removing SNPs that were genotyped in <70% of individuals,
294  had identical genotypes to other SNPs, and had distorted segregation ratios, we recovered
295 afinal dataset of 503 SNPs. To assign these markers to linkage groups, we then used the
296  “formLinkageGroups’ function, requiring a minimum logarithm of odds (LOD) score of
297 6.0 and a maximum recombination frequency of 0.35. To order markers on linkage

298  groups, we used the “orderMarkers’ function, with the Kosambi mapping function to
299  dlow for crossovers. Following thisinitial ordering, we performed rippling on each

300 linkage group to check whether switching marker order could improve LOD scores.

301 Anchoring genome scaffolds to linkage groups requires that scaffolds contain

302  markersin the genetic linkage map. Our initial map included 503 SNPs spread across 358
303  scaffolds (out of 4523 scaffolds; Vertacnik et al. 2016). To increase the number of

304  scaffolds and bases that we could place on our linkage groups, we therefore performed
305  additional linkage mapping analyses with alarger SNP dataset that was called in F, males
306  without any constraints on parental genotypes (filtered to remove individuals with depth
307  of coverage < 1 and sites with MAF<0.05%, missing data > 50%, and >5 heterozygotes;
308 remaining heterozygous sites were then treated as missing data). We then constructed a
309  linkage map for each of our four grandparental families (N = 54, 73, 120, and 161).

310 For each grandparental family, we first performed additional datafiltering in R/qtl
311 toremove duplicate SNPs, SNPs with >50% missing data, and SNPs with distorted

312  segregation ratios (which enabled usto remove SNPs that were monomorphic within

313 familiesor that did not segregate in all of the F, families from a given grandparental

314  pair). We then used the “formLinkageGroups’ command, variable LOD thresholds

315 (range: 5-15), and a maximum recombination frequency of 0.35. Because SNPs were not
316  coded according to grandparent of origin, many alleles were “switched”. We therefore
317  performed an iterative process of linkage group formation, visualization of pairwise

318  recombination fractions and LOD scores (“plotRF’ command), and allele switching

319  (“switchAlleles” command) until we obtained seven linkage groups (the number of N.
320 lecontel chromosomes, Smith 1942, Maxwell 1958; Sohi and Ennis 1981) and a

321  recombination/LOD plot indicative of linkage within, but not between, linkage groups. At
322  thispoint, we ran into a second dilemma—with a denser panel of SNPs, allele ordering
323  and examination of alternative SNP orders became prohibitively slow in R/qtl. To

324  overcome thislimitation, we used the more efficient M STmap algorithm, implemented in
325 R/ASMap v0.4-7 (Taylor and Butler 2017), to order our markers along their assigned
326  linkage groups.

327 Finally, to order and orient our genome scaffolds along linkage groups

328  (chromosomes), we used ALLMAPS (Tang et al. 2015) to combine information from our
329  fivemaps (initial map with all individuals, but limited markers; plus four additional

330  maps, each with more markers, but fewer individuals). Because maps constructed from
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larger families are likely to be more accurate than those constructed from small families,
we wel ghted the maps according to their sample sizes.

I nterval mapping analysis

After linkage map construction, we used R/qtl to map QTL for our two color
traits. Based on our phenotypic analyses, we included F; mother and head capsule size as
covariatesin our analysis of spotting and no covariatesin our analysis of yellow. For
each trait, we performed interval mapping using multiple imputation mapping. We first
used the “sim.geno” function with a step size of O (i.e., genotypes only drawn at marker
locations) and 64 replicates. We then used the “ stepwiseqt!” command to detect QTL and
select the multiple QTL model that optimized the penalized LOD score (Broman,
Manichaikul et al. 2009). To obtain penalties for the penalized LOD scores, we used the
“scantwo” function to perform 1,000 permutations under a two-dimensional, two-QTL
mode that allows for interactions between QTL and the “ calc.penalties’ function to
calculate penalties from these permutation results, using a significance threshold of o =
0.05. Finally, for each QTL retained in the final model, we calculated a 1.5-L OD support
interval.

Polygenic association mapping analysis

Although interval mapping has long been the analysis of choice for QTL mapping
in experimental crosses, a growing number of studies are employing regression based
approaches that were originally devel oped for genome-wide associ ation mapping studies
(Yi and Banerjee 2009; Huang et al. 2015; Li et al. 2017). For example, in arecent study
of the genetic architecture of stickleback brain size, Li and colleagues (2017)
demonstrated that compared to atraditional interval mapping approach, a polygenic
modeling approach had increased statistical power for QTL detection, a reduced false
positive rate, was better able to handle a large number of markers, and provided
parameter estimates describing trait genetic architecture (genomic heritability). Given
that our overall goal isto compare trait genetic architectures, the ability to estimate
parameters describing trait genetic architecture is an especialy attractive feature of
polygenic association mapping approaches.

With these advantages in mind, we used GEMMA v0.94.1 to fit a Bayesian
Sparse Linear Mixed Model (BSLMM) to our data (Zhou et al. 2013). The BSLMM is
essentially a hybrid between a polygenic linear mixed model (LMM) and polygenic
sparse regression model, which make opposing assumptions regarding trait genetic
architecture: whereas LMMs generally assume that all genetic variants impact the
phenotype, with normally distributed effect sizes, sparse regression models assume that
only asmall proportion of variants impact the phenotype. In combining these approaches,
the BSLMM enables the genetic architecture to be estimated from the dataand, asa
consequence, performs well across awide range of genetic architectures. This approach
can aso control for uneven relatedness among samples (e.g., due to population
stratification or, in our case, different grandparents and mothers) viaincluson of a
relatedness matrix.

To ensure that our phenotypic data fit the model assumptions, both larval color
traits were normal-quantile transformed in R prior to analysis. Additionally, because
GEMMA cannot include covariates when fitting the BSLMM, we controlled for head
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capsule size via analyzing the residuals of the linear regression between head capsule size
and spotting (variation among mothers was controlled for viainclusion of arelatedness
matrix). The GEMMA algorithm also requires complete (or imputed) genotype data. To
explore the robustness of our genetic architecture results to different SNP numbers and
missingness thresholds, we ran GEMMA analyses for each of the three SNP datasets
generated from our F, males (no missing data, <50% missing data, and <75% missing
data). For each of the two datasets that contained missing genotypes, we imputed missing
datawith BIMBAM v1.0 (Scheet and Stephens 2006) and used the resulting “best guess
genotype” in our GEMMA analyses. File conversion between different input formats was
accomplished viaa combination of VCFtools v0.1.14 (Danecek et al. 2011), PLINK
v1.90b3.46 (Purcell et al. 2007), and FCGene v1.0.7 (Roshyara and Scholz 2014).

For both traits and each of the three SNP datasets (six datasets total), we
performed 10 independent GEMMA runswith the “-bsilmm 1” option, each consisting of
25 million generations, with the first five million generations discarded as burn-in. To
ensure convergence on the posterior distribution, we confirmed that parameter estimates
were similar across independent runs and that parameter traces did not show any obvious
increasing or decreasing trends. For each dataset, we then averaged posterior inclusion
probabilities (PIP) for each SNP across al 10 runs and used the R package “ggman”
(Turner 2014) to generate Manhattan plots from the averaged PIPs. To identify the most
promising candidate SNPs, we ranked SNPs by their PIP scores and retained the top 1%
for each dataset. We calculated the total effect size for each SNPin each run as: Sy + o
(Zhou et al. 2013), then averaged effect size estimates across the 10 independent runsto
obtain asingle effect size estimate for each SNP and dataset.

We also summarized parameter estimates describing trait genetic architecture,
including percent variance explained (PVE), percent of genetic variance that is due to
large (or “sparse”) effect aleles (PGE), and the number of SNPsin the polygenic model
(“n_gamma’ in GEMMA output). After ensuring that results were similar across
independent runs, we computed medians and 95% credible intervals for the combined
posterior distributions derived from all 10 runs (each consisting of 20 million post-burnin
generations sampled every 1,000 generations, or 20,000 samples per run) for each
parameter and each of our three SNP datasets.

Using our GEMMA results, we evaluated the pigmentation/pattern hypothesisin
two ways. First, we asked whether the magnitudes of the estimated effect sizes for the
largest-effect SNPs were consistently higher for yellow than for spotting. To obtain effect
size magnitudes, we first calculated the absolute value of the average effect size for each
SNP (across 10 independent runs), then used these values to calculate for each dataset the
maximum effect size and median effect size for top 1% SNPs. Then, for each of the three
SNP datasets, we used a nonparametric Wilcoxon rank-sum test to evaluate the null
hypothesis that the effect sizes for the top 1% SNPs are equal across the two traits.
Second, we used the genetic architecture parameter posterior distributions to evaluate the
prediction that the percentage of genetic variance attributable to alleles of non-negligible
effects (PGE) will be higher for yellow than for spotting.

Candidate gene analysis

To identify candidate QTL regions, we looked for regions of overlap between
R/qtl and GEMMA analyses. Wefirst identified the 1.5-LOD support interval
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423  surrounding each QTL identified via interval mapping analyses. Then, we expanded this
424  interval to include any candidate SNPsidentified by GEMMA (i.e., PIP scoresin 99"
425  percentile) that were within 1.5 Mb (which corresponds to ~5¢cM, see results) of either
426  end of this QTL interval. Next, we used our anchored genome scaffolds to compile alist
427  all scaffolds that fell within the physical intervals defined by the combined GEMMA and
428  R/qtl results. Finaly, we compiled alist of all remaining scaffolds with SNPs identified
429  ascandidatesin our GEMMA analyses.

430 After compiling candidate regionsin the N. lecontei genome, we compiled alist
431  of candidate color genes. For larval spotting, we included genes in the melanin synthesis
432  pathway and genes that have been implicated in pigment patterning (Wittkopp et al.

433  2003; Protas and Patel 2008; Wittkopp and Beldade 2009; Sugumaran and Barek 2016).
434  For larval pigmentation, we included genes implicated in the transport, deposition, and
435  processing of carotenoid pigments derived from the diet (Palm et al. 2012; Y okoyama et
436  al. 2013; Tsuchida and Sakudoh 2015; Toews et al. 2017). Although severa pigments
437  can produce yellow coloration in insects (e.g., melanins, pterins, ommochromes, and
438  carotenoids), we focused on carotenoids because a heated pyridine test (McGraw et al.
439  2005) was consistent with carotenoid-based coloration in N. lecontel larvae (Figure S1).
440 Once we had compiled alist of candidate genes, we searched for these genes by
441 namein the N. lecontel v1.0 genome assembly and NCBI annotation release 100

442  (Vertacnik et al. 2016). To find missing genes and as an additional quality measure, we
443  obtained FASTA files corresponding to each candidate protein and/or gene from NCBI
444  (using Apis, Drosophila melanogaster, or Bombyx mori sequences, depending on

445  availability). We then used the i5k Workspace@NAL (Poelchau et al. 2014) BLAST
446  (Altschul et al. 1990) web application to conduct tblastn (for protein sequences) or tblastx
447  (for gene sequences) searches against the N. lecontei v1.0 genome assembly, using

448  default search settings. After identifying the top hit for each candidate gene/protein, we
449  then used the WebApollo (Lee et al. 2013) JBrowse (Skinner et al. 2009) N. lecontei
450  genome browser to identify the corresponding predicted protein coding genes (from

451  NCBI annotation release 100) in the N. lecontei genome.

452 We took additional stepsto identify genesin the yellow gene family, all of which
453  contain amagor royal jelly protein (MRJP) domain. First, we used the search string

454  “major royal jelly protein Neodiprion” to search the NCBI database for all predicted
455  yellow-like and yellow-MRJP-like N. lecontei genes. We then downloaded FASTA files
456  for the putative yellow gene sequences (26 total). Next, we used the Hymenoptera

457  Genome Database (Elsik et al. 2016) to conduct a blastx search of our N. lecontei gene
458  sequence queries against the Apis mellifera v4.5 genome NCBI Ref Seq annotation release
459  103. Finally, werecorded the top A. mellifera hit for each putative N. lecontel yellow
460 gene

461 Once we identified the location of candidate color genesin the N. lecontel

462  genome, we asked whether any of these genes were located within scaffolds contained
463  within our candidate QTL intervals.

464
465 Dataavailability
466 Short-read DNA sequences will be made available viathe NCBI SRA (Bioproject

467  PRINA#H##HH#H#, Biosample numbers SAM N##HHHHHHE- SAM N##H#HH###H). The linkage-
468  group anchored assembly will be submitted to NCBI and i5k to update the existing N.
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lecontei genome assembly and annotations (Vertacnik et al. 2016). All remaining files
(phenotypic data, SNP datasets, and input files for R/gtl and GEMMA) will be submitted
to DRY AD (doi :##HH#HHH1H).

RESULTS AND DISCUSSION

Phenotypic variation

Lab-reared larvae derived from the two founding populations (white-bodied, dark
spotted VA population and the yellow-bodied, light spotted M| population) differed
significantly from one another in both pigmentation and spotting pattern (Figures 2, 3;
yellow: ts> = 63.52, P < 1 x 10™"; spotting: taes = 23.13, P < 1 x 10™). Because all
larvae were reared on the same host under the same laboratory conditions (i.e., minimal
environmental variance), these results suggest that genetic variance contributes to
variance in both larval color traits. Crosses between the VA and M1 lines produced
diploid F, females that appeared intermediate in both pigmentation and spotting pattern
(Figure 2), and F;, female larvae differed significantly from both parents for both traits
(Figure 3; yellow M1 vs. Fi: tspe5 = 15.41, P < 1 x 10™; yellow VA vs. F1: tes20 = 18.26,
P < 1x10™; spotting M1 vs. F1: tsz33 = 10.52, P = 1.63 x 10™**; spotting VA vs. Fi: teg.37
=2.92, P =0.0047). These results indicate that neither pigmentation phenotype (white vs.
yellow) and neither spotting phenotype (light vs. dark) is completely dominant.

Haploid F, males produced by virgin F; mothers varied continuously in both
spotting and pigmentation, and differed significantly from the two founding populations
in both traits (Figure 3; yellow M1 vs. Fa: ts7.0s = 42.55, P < 1 x 10*; yellow VA vs. F:
t167.05 = 8.05, P = 1.48 x 10*%; spotting M1 vs. F2: ties28= 20.85, P < 1 x 10™; spotting
VA vs Fy: tszae= 8.20, P = 4.96 x 10™). F, males also differed significantly from F;
femalesin pigmentation, but not spotting (yellow Fy vs. Fa: torg0 = 11.61, P < 1 x 10™;
spotting F1 vs. F,: tsg79 = 1.87, P = 0.066). We also found a weak, but significant and
negative correlation between spotting area and percent yellow in F, males (i.e., yellower
individuals tend to be less heavily spotted; Pearson’sr = -0.12, P =0.013). This
correlation, which could be explained by pleiotropy or physical linkage, suggests that
these two traits do not evolve completely independently of one another. Nevertheless, the
correlation isrelatively weak and we observed many different combinations of spotting
and pigmentation in the recombinant F, males (Figure 2).

Because F, males are haploid, interactions between alleles at a single locus
(dominance effects) are eliminated. Thus, the range of phenotypic variation observed in
F, malesis determined by the number and effect sizes of color alleles and epistatic
interactions between them. For both color traits, phenotypic variation observed in the F,
males spanned—and even exceeded—the full range of variation observed in the
grandparental populations and F; females (Figure 3). The observation that grandparental
pigmentation and spotting phenotypes are recapitulated in the F, males suggests that both
traits are controlled by arelatively small number of loci. There are multiple, non-
mutually exclusive explanations for the transgressive color phenotypesin our haploid F;
males, including: variation in the grandparental lines, reduced developmental stability in
hybrids, epistasis, unmasking of recessive allelesin haploid males, and the
complementary action of additive alleles from the two grandparental lines (Rieseberg et
al. 1999).
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515
516 Linkage mapping and genome scaffolding
517 For our full F, SNP dataset, which consisted of 503 fixed differences scored in

518 429 F, haploid males, our markers were spread across seven linkage groups (LG), which
519  matchesthe number of N. lecontel chromosomes (Smith 1941; Maxwell 1958; Sohi and
520 Ennis1981). Thetotal map length was 1169 cM, with an average marker spacing of 2.4
521 ¢M and maximum marker spacing of 24.3 cM (Table S1; Figure S2). Together, these
522  resultsindicate that this linkage map is of sufficient quality and coverage for interval
523  mapping. Additionally, with an estimated genome size of 340 Mb (estimated via flow
524  cytometry; C. Linnen, personal observation), these mapping results yield a recombination
525  density estimate of 3.43 cM/Mb. This recombination rate islower than that observed in
526  social Hymenoptera, which have among the highest rates of recombination in eukaryotes
527 (Wilfert et al. 2007). Nevertheless, thisrate ison par with that reported in other (non-
528 eusocial) hymenopterans, which lends support to the hypothesis that elevated

529  recombination ratesin eusocial hymenopterans speciesis aderived trait and possibly an
530 adaptation to asocial lifestyle (Gadau et al. 2000; Schmid-Hempel 2000; Crozier and
531 Herdingstad 2001).

532 Linkage maps estimated for the four grandparental families, each of which

533  contained >2000 markers, ranged in length from 1072 cM to 3064 cM (Table S1). This
534 variation in map length is likely attributable to both decreased mapping accuracy in

535 smaller families and decreased genotyping accuracy in these less-stringently filtered SNP
536 datasets. Nevertheless, our scaffolding analysis revealed that marker ordering was highly
537  consistent across linkage maps (Figures S3-S9). Additionally, viaincluding SNPs that
538  werevariable only in some families, we were able to more than triple the number of

539  mapped scaffolds (from 358 to 1005) and increase the percentage of mapped bases from
540 41.2%to 78.9% (Tables S2-S3). Anchored genome scaffolds, coupled with existing N.
541 lecontel gene annotations, are a valuable resource for identification of candidate genes
542  within QTL.

543
544  Detection of color QTL viainterval and polygenic association mapping
545 Using an interval mapping approach, we obtained significant QTL for both traits.

546  For yellow, the full stepwise model recovered six QTL, with asignificant interaction

547 between QTL on LGs3 and 5 (Table 1; Figure 4A). Thismodel, which had a LOD

548  (logarithm of the odds) score of 182.03, explained 85.8% of the total variancein larval
549  pigmentation. The two largest-effect QTL (Yellow-4 and Y ellow-5) reside on LGs 3 and
550 5, each explaining ~16% of the variancein larval pigmentation. These QTL also

551  accounted for a substantial fraction of the phenotypic difference between the

552  grandparental lines (Y elow-4: 27%; Y ellow-5: 52%; Table 1, Figure 4A, Figure 5A-B),
553  and the interaction between these two QTL was highly significant (P = 6.5 x 10, Figure
554  5C). Examination of the interaction plot reveals that individuals carrying the VA dlele
555 for the Yelow-5 QTL have drastically reduced yellow pigmentation, making the

556  additiona impact of the Yellow-4 QTL less pronounced (Figure 5C). Possble reasons
557  why the effects of the Yellow-4 “VA-white’ allele are most pronounced on the Y ellow-5
558 “MI-yellow” background are considered further in our discussion of candidate genes.

559 For spotting, we detected only two QTL viainterval mapping, both of which were
560 located on LG 2 (Table 1, Figure 4C). Thefirst peak (Spot-1) explained 13% of the

13


https://doi.org/10.1101/183996

bioRxiv preprint doi: https://doi.org/10.1101/183996; this version posted September 3, 2017. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

561 phenotypic variance in F, males and 35% of the difference in spotting between the

562  grandparental strains (Figure 5D). The second peak (Spot-2) explained 35% of the

563 variancein F, males and 57% of the difference in yellowness between the grandparents
564  (Figure5E). The full stepwise model, which included head capsule area and mother as
565  covariates, had a LOD score of 94.9 and explained 64.0% of the total variancein larval
566  spotting pattern. This model also included a subtle, but significant (P = 0.0051)

567 interaction between the two spotting QTL. Specifically, the effects of the dark-spotting
568 VA dleefor the Spot-1 QTL are more pronounced on a genetic background containing
569 thedark-spotting VA allele for the Spot-2 QTL (Figure 5F). Notably, the 1.5-LOD

570  support intervals for the two large-effect spotting QTL overlap with those of two small-
571  effect yellow QTL (Yellow-2 and Yellow-3) (Table 1). This co-localization of spotting
572  and yellow QTL is consistent with the weak phenotypic correlation observed between
573  thesetraitsin F, males.

574 We also recovered strong associations between genotype and phenotype for both
575 traitsusing a polygenic association mapping approach. Because effect sizes, PIP

576  estimates, and genetic architecture parameter estimates were highly consistent across
577  independent GEMMA runs (Table $4), we combined results from each set of 10 runs by
578 (1) averaging per-SNP PIP and effect scores across runs, and (2) combining parameter
579  posterior distributions into a single distribution for each trait/SNP dataset. Overall, there
580  was considerable overlap between the location of QTL indicated by the GEMMA

581 analyses and those implicated by interval mapping analyses (Figure 4, Tables S5-S6).
582  Specifically, GEMMA analyses recovered candidate SNPsin or in close proximity to
583  (i.e.,, within 1.5 million base pairsor <5 cM) all QTL intervalsidentified by interval

584  mapping (Tables S5-S6). Moreover, QTL with high LOD scores had correspondingly
585  high PIP estimates (PIP > 0.80). That said, the precise location of the QTL peaks (highest
586 LOD score or PIP value) differed slightly among interval mapping and GEMMA

587  analyses and anong GEMMA analyses utilizing different missing data thresholds. These
588 differences are likely attributable to differencesin the SNPsincluded in the analysis (e.g.,
589 many SNPsin GEMMA analyses with 50% and 75% missing data were not present in the
590 0%-missing GEMMA and R/qtl analyses). Additionally, the stringently curated R/qtl and
591 0% missng GEMMA datasets are less likely to contain genotyping error that may

592  obscure genotype-phenotype associations.

593 In addition to the eight color QTL detected viainterval mapping, GEMMA

594  analysesidentified several additional regions of the genome associated with larval color
595  variation (Tables S5-S6). Although the 99™ percentile PIP threshold is somewhat

596  arbitrary, it is nevertheless quite stringent. Depending on the dataset, our top 1% PIP

597  scores represented a 3- to 340-fold increase over the genome-wide average PIP value.
598 Althoughitiscertainly possible that the GEMMA candidate SNPs represent false

599  positives, identification of plausible candidate genes linked to at least some of these SNPs
600 suggeststhat at least some GEMMA candidates may represent true positives (see below).
601  One possible explanation for why GEMMA picked up regions that were not detected via
602 interval mapping isthat these regions contain genetic variants contributing to phenotypic
603  variation segregating within one of the grandparental lines. Additionally, compared to the
604 one- and two-SNP scans implemented in interval mapping analyses, the multi-SNP

605  association mapping method implemented in GEMMA may have more power to detect
606 QTL of small effect. This explanation is consstent with the observation that, compared to
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single-SNP GWA mapping approaches, multiple-SNP GWA mapping approaches have
increased power and reduced false positive rates (Hoggart et al. 2008).

Comparing genetic ar chitectur es: testing the pigmentation/patter ning hypothesis

According to the pigmentation/pattern hypothesis, pigmentation loci are less
likely to involve negative ple otropic consequences and therefore, the distribution of
effect sizes underlying changes in pigmentation (yellow) should be shifted towards large-
effect mutations compared to the effect-size distribution of patterning (spotting) (Fisher
1930; Rockman 2012). Although limited power to detect QTL of very small effect
precludes us from estimating the exact number of SNPs and full effect-size distribution,
we can nevertheless ask whether there are any obvious differences between the upper
ends of the effect-size distributions for different traits scored in the same mapping
population.

Looking first at the interval mapping analyses, the number of QTL of relatively
large effect is the same for both traits: for both yellow and spotting, there are two QTL
with PVE > 10% and phenotypic effect sizes that exceed 25% of phenotypic difference
between the grandparental lines. However, in contrast to our predictions, the QTL with
the largest observed effect size was for spotting (Spot-1), not yellow. Additionally, more
QTL are detected for yellow than for spotting, which could indicate that the genetic
architecture of yellow is more complex (more loci) than that of spotting. These
observations are seemingly at odds with the prediction that the effect-size distribution for
yellow should be shifted towards large-effect QTL. That said, an alternative
interpretation for our finding that fewer QTL were detected for spotting is that most
spotting QTL were not of sufficient effect size for detection. Thus, our observation of
more yellow QTL could be explained by an effect-size distribution that is shifted towards
larger effects (i.e., there more QTL of sufficient size for detection). Taken together, our
interval mapping results are equivocal with respect to the pigmentation/patterning
hypothesis.

In contrast to the interval mapping results, effect size estimates from the GEMMA
analyses are largely consistent with the predictions of the pigmentation/pattern
hypothesis. Across all SNP datasets, the effect size of the largest-effect SNP was always
higher for yellow than for spotting (Table 2). Likewise, the median effect size for SNPs
that fell within the 99" percentile for PIP was consistently higher for yellow than for
spotting. However, none of the Wilcoxon rank-sum tests comparing the distribution of
the top 1% effect sizes were significant (0% missing data: N = 13 SNPs, W =105, P =
0.31; <50% missing data: N = 31 SNPs, W = 505, P = 0.74; <75% missing data: N = 42
SNPs, W = 1000, P = 0.29). That said, the PIP cutoff was somewhat arbitrary and the
number of SNPs analyzed was relatively small.

By providing parameter estimates that describe trait genetic architecture and are
independent of arbitrary cutoffs, the BSLMM implemented in GEMMA provides amore
straightforward way to compare trait genetic architectures. Despite some dependence on
the SNIP dataset analyzed, among-trait differences in PVE and PGE were very consistent
across runs (Figure 6A-B; Table 2). First, the amount of phenotypic variation explained
by genetic variance was consistently higher for yellow, mirroring our interval mapping
results (PVE for full yellow model: 85.8%; PVE for full spotting model: 64.0%).
Moreover, for the 0%-missing dataset, 95% credible intervals for PVE for the two traits
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did not overlap (Table 2). Possible explanations for differencesin PVE include a greater
measurement error for spotting and/or a greater contribution of environmental variance to
spotting variance. Second, although estimates of the contribution of large-effect
mutations to total genetic variance were high for both traits (PGE > 0.8), yellow PGE
estimates were uniformly higher than spotting PGE estimates and, for the 0%-missing
dataset, 95% credible intervals for PGE did not overlap (Table 2). Our observed
differences in PGE estimates are consistent with the prediction that, compared to
spotting, the effect-size distribution underlying the yellow trait is shifted towards
mutations of larger effect.

In contrast to PVE and PGE, we did not observe consistent differencesin the
estimated number of large-effect SNPs across the three datasets and 95% credible
intervals for this parameter always overlapped. For the 0%-missing and 50%-missing
datasets, yellow had slightly more SNPs than spotting, but spotting had more SNPs than
yellow in the 75%-missing datasets (Table 2). Additionally, for all three SNP datasets,
yellow and spotting had very similar posterior distributions for SNP number (Figure 6C).
Nevertheless, despite some uncertainty in our SNP number estimates, our effect size
estimates and PGE estimates obtained under the BSLMM implemented in GEMMA
provide support for the pigmentation/pattern hypothesis.

Limitations of our data for testing the pigmentation/patter n hypothesis

Although our genetic architecture parameter estimates are cons stent with the
prediction that the effect-size distribution is shifted towards large-effect alleles for
pigmentation, there are three main limitations of our current data that preclude a more
definitive test of the pigmentation/pattern hypothesis. First and foremost, we have
mapped these traits to large genomic regions, each containing many genes (~2 — 3.5 Mb
for the four QTL of largest effect; 2.2 — 7.7 Mb for remaining smaller-effect QTL). Itis
therefore possible that individual QTL comprise multiple linked mutations of individually
smaller effect (Stam and Laurie 1996; McGregor et al. 2007; Bickel et al. 2011; Linnen
et al. 2013). With thisin mind, our effect sizes and PGE estimates are best interpreted as
maximum values for each trait. Under the pigmentation/pattern hypothesis, we would
predict that spotting QTL are more likely to fractionate than yellow QTL. Moreover, if
patterning traitsinvolve loci that are more likely to exhibit antagonistic pleiotropy than
loci involved in pigmentation traits, we would expect to see a greater contribution of cis-
regulatory changes—possibly multiple linked cis-regulatory changes (e.g., Rebeiz et al.
2009; Frankd et al. 2011)—to variation in spotting compared to variation in yellow.
These predictions could be tested viafine-mapping QTL and functional anaysis of
candidate genes and mutations (see below).

A second limitation of our datais that there are many other factors beyond
antagonistic pleiotropy that can impact the expected distribution of mutational effect
sizes, including the demographic and selective history of the phenotypically divergent N.
lecontei populations. In terms of selection, theoretical predictions regarding the expected
distribution of effect sizes are all based on model of adaptation in which beneficial
mutations are fixed as a population moves towards a new phenotypic optimum (Orr
1998). A key assumption, therefore, is that the traits under investigation are adaptive. For
N. lecontei, experimental evidence indicates that both white and yellow larvae are
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highly conspicuous to avian predators when viewed against a background of pine foliage,
and both morphs facilitate rapid avoidance learning in naive avian predators (Lindstedt
and Linnen, personal observation). Consistent with theoretical predictions that avoidance
learning in predators will result in stabilizing selection on warning coloration (Joron and
Mallet 1998; Kapan 2001; Kronforst and Gilbert 2008), most N. lecontel populations are
fairly uniform in their color and pattern (Linnen, personal observation). Although
stabilizing selection can explain the maintenance of larval color differences between N.
lecontel populationsin the face of gene flow, it does not explain theinitial divergencein
color. One possibility isthat initial color differences arose via genetic drift in small
populations that were isolated in pine refugia during the Pleistocene glaciations (Bagley
et al. 2017). Once a novel morph reached a critical threshold to promote avoidance
learning in the local predator community, it could then increase in frequency via selection
(Mallet and Singer 1987; Turner and Mallet 1996; Kronforst and Gilbert 2008). A non-
mutually exclusive explanation is that among-population differencesin larval color stem
from geographic variation in other selection pressures, such as climate, host-plant
defenses, and local communities of viruses, parasitoids, and predators (Nokelainen et al.
2014, Amézquitaet al. 2017, Willmott et al. 2017).

Beyond demonstrating that a particular trait is adaptive, other details of the
selective history are also important to predicting effect-size distributions. For example,
theoretical work indicates that adaptation to a distant phenotypic optimum, adaptation to
arapidly moving optimum, adaptation to a multi-peaked fitness surface, and adaptation
from new beneficial mutations can all shift the predicted effect-size distribution towards
mutations of larger effect (Orr 1998; Hermisson and Pennings 2005; Matuszewski et al.
2014, 2015; Dittmar et al. 2016). In short, additional work is needed to test our
assumption that larval color traits are locally adaptive and to more fully explore the
targets, agents, and history of selection on larval color traits. We note, however, that even
if larval color evolution is predominantly neutral, we would still expect pleiotropy to
impact the expected distribution of effect sizes of color mutations fixed under genetic
drift. For example, for a highly pleiotropic gene, large-effect alleles are more likely to be
deleterious than small-effect alleles and therefore less likely to drift to fixation. Thus, if
pigmentation genes are less ple otropic, on average, than patterning genes, the
pigmentati on/patterning hypothesis should apply to both selected and neutrally evolving
traits.

In terms of demographic history, theoretical work indicates that effect-size
distributions will be shifted towards larger-effect mutations when effective population
sizeisreduced (Kimura 1983) and when local adaptation is opposed by ongoing gene
flow (Griswold 2006; Y eaman and Whitlock 2011). Based on a demographic analysis of
genome-wide SNP data, Bagley et al. (2017) hypothesized that genetically distinct
“North” (source of the light-spotted, yellow M1 population) and “Central” (source of the
dark-spotted, white VA population) lineages diverged from one another during the
Pleistocene, ~25,000 years ago. Prior to this divergence, the North/Central ancestor
diverged from a* South” lineage ~45,000 years ago. Using this early-diverging South
lineage, which is dark-spotted and yellow, to polarize changesin larval color, we
hypothesize that light spotting (M 1) and white coloration (VA) are both derived character
states within N. lecontei.
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Compared to the Central lineage, the North lineage has drastically reduced
heterozygosity and an effective population size that is estimated to be ~89% lower than
that the Central Ne estimate (Bagley et al. 2017). Thus, beneficial light-spotting alleles of
small effect would have been more likely to belost to drift in the North lineage than in
other lineages, thereby shifting the predicted effect-size distribution for spotting towards
larger-effect alleles. That said, the North lineage has experienced much less gene flow
from other lineages than the South and Central lineages (Bagley et al. 2017). The Central
lineage is also polymorphic for larval pigmentation, with a cluster of white-bodied
populations in the mid-Atlantic region, surrounded by genetically similar yellow-bodied
populationsin other portions of the Central range (Bagley et al. 2017; Bagley and
Linnen, personal observation). Higher gene flow from yellow populations would have
favored larger-effect loci underlying locally adaptive white pigmentation compared to a
model lacking gene flow (Y eaman and Whitlock 2011). Consistent with these
demographic estimates and theoretical predictions, we found that both spotting and
yellow had high estimates for PGE (Table 2; Figure 6).

A third and final limitation is that, while a useful test of the a priori hypothesis
that the effect size of alleles contributing to pigmentation are larger, on average, than
those contributing to color pattern, our sample size nevertheless consists of asingle
population pair. As the discussion above highlights, many factors can lead to differences
in trait genetic architectures and any one of these could have pushed the distribution of
pigmentation alleles towards larger effects. Because the history of adaptation—and
therefore the expected effect-size distribution of adaptive substitutions—is likely to be
highly idiosyncratic across populations and species, many phylogenetically independent
test cases will be needed to determine whether certain factors (e.g., different levels of
pleiotropy associated with pigmentation and color patterning loci) are consistently
associated with differencesin effect-size distributions.

To date, the most tested prediction regarding trait genetic architectures is that the
distribution of effect sizeswill be shifted towards large-effect mutations when the
distance to the phenotypic optimum is large. This prediction has been supported in
multiple contexts. For example, Rogers et al. (2012) estimated QTL effect sizes
underlying shape and armor traits in replicate freshwater stickleback populations adapting
to phenotypic optima that were either close to the ancestral phenotype (predatory prickly
sculpin present) or far from the ancestral phenotype (no sculpin present). Consistent with
theory, they found that average effect sizes were larger when populations were adapting
to a more distant phenotypic optimum. Similarly, in specialist pupfish that have evolved
from a generalist ancestor, large-effect QTL contribute more to the enlarged scale-eater
jaw (distant phenotypic optimum) than to the molluscivore nasal protrusion (close
phenotypic optimum) (Martin et al. 2017; McGirr et al. 2017). Extensive intra- and
interspecific variation in larval pigmentation and patterning make Neodiprion an
especially promising system for testing the pigmentation/pattern hypothesis and, more
generally, examining the impact of pleiotropy on trait genetic architecture (Figure 1).

Candidate genesfor larval color traits

Testing the pigmentati on/patterning hypothesis will ultimately require identifying
causal genes and mutations and characterizing their phenotypic effects. To this end, we
asked whether our candidate QTL regions contained any genes with known or suspected
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789  rolesin carotenoid-based or melanin-based pigmentation. For larval pigmentation

790  (“yellow”), we focused on genes known or suspected to be involved in carotenoid

791  processing or deposition (see Figure S1). Although most animals cannot synthesize their
792  own carotenoids, many use environmentally acquired carotenoids to produce red, orange,
793  and yellow colors (Toews et al. 2017). Compared to endogenously produced pigments
794  such as melanin, however, much less is known about the genetic pathways underlying
795  carotenoid based pigmentation. Nevertheless, recent progress in identifying genes

796 involved in carotenoid transport, deposition, and processing provided us with some

797  candidates for carotenoid-based pigmentation (Table S7). These candidates include genes
798  encoding carotenoid binding proteins (involved in binding carotenoids in gut and

799  transporting to hemolymph), lipoproteins (involved in carotenoid transport in

800  hemolymph), scavenger receptor proteins (involved in carotenoid uptake in specific

801 tissues), B-carotene oxygenases (involved in carotenoid breakdown), and cytochrome
802  p450s (possibly involved in carotenoid processing) (Bhosale and Bernstein 2007; Palm et
803 al. 2012; Yokoyamaet al. 2013; Tsuchida and Sakudoh 2015; Toews et al. 2017).

804 Both of our largest-effect yellow QTL contained promising candidate genes with
805  known or suspected roles in carotenoid-based pigmentation (Table S7). First, within the
806 overlapping Yellow-5 and Yelow-6 QTL intervals, we recovered a predicted protein
807  coding genein scaffold 164 with a high degree of similarity to the ApoLTP-1 and

808  ApoLTP-2 protein subunits (encoded by the gene apoL TP-11/1) of the Bombyx mori lipid
809 transfer particle (LTP) lipoprotein (e-value: O; bitscore: 391). LTP is one of two major
810 lipoproteins present in insect hemolymph and appears to be involved in the transport of
811 lipids (including carotenoids) from the gut to the other major lipoprotein, lipophorin,

812  which then transports lipidsto target tissues (Tsuchida et al. 1998; Palm et al. 2012,

813  Yokoyamaet al. 2013). A second potential candidate in the overlapping Y ellow-5 and
814  Ydlow-6 QTL intervals, located on scaffold 386, is a cytochrome P450. Although

815  cytochrome P450s are best known for their role in detoxification, it is hypothesized that
816 they servediverseroles and at least one cytochrome p450 (CYP2J19) has been implicated
817  intheconversion of yellow carotenoids to red ketocarotenoidsin birds (Lopes et al.

818  2016; Mundy et al. 2016).

819 Within the Yellow-4 QTL, we found a predicted protein coding region in scaffold
820 518 with ahigh degree of similarity to the Bombyx mori Cameo2 scavenger receptor

821 protein (e-value 1 x 10™: bitscore: 92.8). Cameo2 encodes a transmembrane protein
822  belonging to the CD36 family that has been implicated in the selective transport of the
823  carotenoid lutein from the hemolymph to specific tissues (Sakudoh et al. 2010; Tsuchida
824  and Sakudoh 2015). In the silkworm Bombyx mori, Cameo?2 is responsible for the“C
825  mutant” phenotype, which is characterized by a combination of yellow hemolymph and
826  white cocoons that arises as a conseguence of disrupted transport of lutein from the

827  hemolymph to the middie silk gland (Sakudoh et al. 2010; Tsuchida and Sakudoh 2015).
828  Based on this previous work, we hypothesize that aloss of function mutation in Cameo2
829  contributesto the loss of yellow pigmentation in the integument of white-bodied N.

830 lecontei larvae.

831 Our most promising yellow candidate genes—apoL TP-11/1 and Cameo2—also
832  provide apotential explanation for the epistatic interaction we detected between the

833  Ydlow-4 and Yelow-5 QTL (Figure 5C). We predict that reduced apoLTP-11/I function
834  would reduce the amount of yellow carotenoids found in the hemolymph and reduced
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Cameo2 function would reduce yellow carotenoids in the integument. In the transport of
carotenoids from the gut to the integument, Cameo?2 therefore acts downstream of

apoL TP-11/1. Thus, once the amount of carotenoids entering the hemolymph is already
reduced via changesin apoLTP-11/I (Y elow-5), the impact of an additional reduction in
the integument via changes in Cameo2 (Y ellow-4) would be reduced—thisis consistent
with the interaction plot in Figure 5C.

Our top two spotting QTL also yielded very promising candidate genes—this time
in the well-characterized melanin biosynthesis pathway. Specifically, in both peaks, we
found protein-coding genes that appear to belong to the yellow gene family. The yellow
gene family encodes a functionally diverse set of proteins characterized by a shared
major royal jelly protein (MRJP) domain (Ferguson et al. 2011). To date, yellow genes
have been associated with diverse functions, including behavior, reproductive maturation,
caste specification in honeybees, and pigmentation (Wittkopp et al. 2002; Drapeau et al.
2006; Prud’ homme et al. 2006; Ferguson et al. 2011). Although much is still unknown
about the function of yellow genes, studiesin D. melanogaster suggest that yellow-f and
yellow-f2 have dopachrome-conversion enzymatic function, which is required for the
production of melanic pigment (Han et al. 2002). Additionally, mapping and expression
dataindicate that deletions in yellow-e gene are responsible for changesin larval
pigmentation patterning in two mutant strains of the Bombyx mori (Ito et al. 2010).

Among the 11,586 predicted protein coding genesin the N. lecontei v1.0 genome
NCBI annotation release 100, we recovered 26 “yellow-like” or “yellow-MRIP-like”
genes. Notably, this number is equivaent to the number of yellow-like/yellow-MRIP-like
genes found in the genome of the jewel wasp, Nasonia vitripennis, which boasts the
highest reported number of yellow-like genes of any insect to date (Werren et al. 2010).
Of the 26 genes belonging to the yellow family, nine were most similar to Apis yellow-
MRJPs. The remaining 17 genes appeared more similar to Apis yellow genes (top BLAST
hits included: four yellow-b, one yellow-e, one yellow-€3, four yellow-g, one yellow-h,
five yellow-x, and one yellow-y). Additionally, 13 of these genes (yellow-e, yellow-e3,
four yellow-g, yellow-h, yellow-x, and five MJRPs) were found in tandem array along
three adjacent scaffolds (548, 170, and 36; ~1 Mbp total) on LG 2. This genomic
organization is consistent with a conserved clustering of yellow-h, -€3, -e, -g2, and —g
observed across Apis, Tribolium, Bombyx, Drosophila, and Nasonia (Drapeau et al. 2006;
Werren et al. 2010; Ferguson et al. 2011). Like Nasonia and Apis, this cluster also
contains MJRPs; like Heliconius, this cluster contains a yellow-x gene.

The Spot-1 QTL contained 2 yellow-like genes that were most similar to Apis
yellow-x1 (e-value: 1.2 x 10™%; bitscore: 471.47 and e-value: 3.9 x 10™°"; bitscore:
448.36). Notably, these genes were located within a scaffold (422) receiving very high
PIP scores (>0.8) in multiple GEMMA analyses. However, thereis currently little known
about the function of yellow-x genes, which appear to be highly divergent from other
yellow gene families (Ferguson et al. 2011).

The Spot-2 QTL contained the cluster of 13 yellow genes described above, along
with two additional MRJPs on scaffold 769. Of these, yellow-e is the strongest candidate
for larval spotting pattern. In two different mutant strains of B. mori (“bts’ for brown
head and tail spot), mutationsin yellow-e produced a truncated gene product that results
in increased reddish-brown pigmentation in the head cuticle and anal plate compared to
wildtype strains (Ito et al. 2010). Quantitative reverse transcriptase analyses also
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demonstrated that in wildtype larvae, yellow-eis most highly expressed in the integument
of the head and thetail (Ito et al. 2010). Based on these observations, one possible
mechanism for the reduced spotting observed in the light-spotted M1 population is an
increase in yellow-e expression.

The Spot-2 QTL also contained a predicted protein that was highly similar to
tyrosine hydroxylase (TH) (e-score: 6 x 10*%, bitscore: 406). TH catalyzes the
hydroxylation of tyrosine to 3,4-dihydroxyphenylalanine (DOPA), a precursor to
melanin-based pigments (Wright 1987). Work in the swallowtail butterfly Papilio xuthus
and the armyworm Pseudal etia separata demonstrates that TH and another enzyme, dopa
decarboxylase (DDC), are expressed in larval epithelial cells containing black pigment
(Futahashi and Fujiwara 2005; Ninomiya and Hayakawa 2007). Furthermore, inhibition
of either enzyme prevented the formation of melanin-based larval pigmentation patterns
(Futahashi and Fujiwara 2005). Thus, a reduction in the regional expression of TH is
another plausible mechanism underlying reduced spotting in the light-spotted M1
population.

The Spot-1 and Spot-2 QTL also overlap with two minor-effect yellow QTL.:
Yellow-2 and Y ellow-3 (table, figure). Co-localization of pigmentation and patterning
QTL could be explained either by linkage or pleiotropy. As noted above, spotting and
yellow values are negatively correlated in F, males. One explanation for this observation
isthat the loci in the Spot-1 and Spot-2 cluster that impact spotting area also impact
overall levels of melanin throughout the integument. With increasing melanin content,
larval color would appear less yellow, leading to a negative correlation between melanin
content and percent yellow.

Of our eight candidate QTL regions, Y ellow-1 was the only interval for which we
did not find any hits to candidate pigmentation genes (Tables S5 and S7). Outside of
these candidate regions, we found several additional hitsin scaffolds that had high-PIP
SNPs. For yellow, we identified a scaffold containing a predicted protein with ahigh
degree of similarity to carotenoid isomerooxymerase, encoded by NinaB in Drosophila
(Table S5). Work in Drosophila demonstrates that this protein in required for converting
diet-derived carotenoidsinto visual pigments (Voolstra et al. 2010). For spotting, we
found several additional candidate genesinvolved or potentially involved in melanin
patterning, including AbdB, which encodes an Abdominal-B HOX protein that has been
implicated in Drosophila pigmentation (Jeong et al. 2006), and several cytochrome
p450s, one of which has been implicated in insect cuticle formation (Sztal et al. 2012)
(Table S6).

Although all of our candidates require further fine-mapping and functional
testing, we are encouraged to have identified multiple strong candidates for both traits.
Notably, we report the first candidate genes for naturally occurring variation in
carotenoid-based pigmentation in invertebrates. Additionally, some of our most
promising candidate genes (Cameo2, apoL TP-11/1, yellow-e, and ple) fell just outside of
the 1.5-LOD support intervals, but were included in the expanded candidate region on the
basis of GEMMA and ALLMAPS results (Tables S5-S6). Should these candidates hold
up to further experimental scrutiny, our findings suggest that combining QTL mapping
and polygenic association mapping may be afruitful approach for defining candidate
regions.
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927

928

929 Summary and Conclusions

930 In this study, we applied a combination of interval mapping and polygenic

931  association mapping to describe the genetic architecture of two larval color traits: yellow
932  pigmentation and spotting pattern. Both sets of analyses detect large-effect loci for both
933 traits. Although we cannot yet rule out linked mutations of individually smaller effect, we
934  discussdetails of the demographic histories of these populations that may have favored
935 thefixation of large-effect color alleles. Additionally, genetic architecture parameter

936  edtimates derived under the BSLMM implemented in GEMMA suggest that compared to
937  the effect-size distribution underlying variation in spotting, the effect-size distribution for
938 yelow isshifted towards alleles of larger effect. These findings are consistent with the
939  pigmentation/patterning hypothesis, which argues that the genetic architecture of

940  pigmentation should be “simpler” than that of patterning because pigmentation genes
941 tendto be less pleotropic than patterning genes. Verifying this hypothesiswill require
942  identifying quantitative trait nucleotides (QTNs) and assessing additional populations and
943  gpecies.

944 In addition to contrasting the genetic architecture of two color traits, we also

945 identified several promising candidate genes that may contribute to natural variationin
946 larval color. Although there are a growing number of studies of naturally occurring

947  melanin-based pigmentation in adult insects (e.g., Hof et al. 2016; Nadeau et al. 2016;
948  Signor et al. 2016; Yassin et al. 2016), studies of naturally occurring larval color

949  variation are sparse. Additionally, although carotenoids contribute to adaptive

950 pigmentation in diverse animal taxa (Heath et al. 2013; Toews et al. 2017), oursisthe
951 first genetic study of naturally occurring variation in carotenoid-based pigmentation in a
952  non-vertebrate. Thus, extensiveintra- and interspecific variation in larval body color

953  across the genus Neodiprion (Fig. 1) has the potential to provide novel insightsinto the
954  molecular mechanisms underlying carotenoid-based pigmentation.

955 Finally, our study demonstrates the power of combining traditional interval

956  mapping approaches with polygenic association mapping. Our combined approach not
957  only enabled usto identify a surprisingly large number of promising candidate genes

958  residing both within and outside of linkage-mapping-identified QTL, but also provided an
959 intuitive way to describe and comparetrait genetic architectures. We believe that this
960  approach will prove valuable for testing additional theoretical predictions regarding trait
961  genetic architectures. Ultimately, such studies will provide us with a more comprehensive
962  understanding of the contribution of large-effect mutations to phenotypic evolution under
963  different evolutionary scenarios.
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Figure 1. Interspecific variation in Neodiprion larval color. Top row (left to right):
Neodiprion nigroscutum, N. rugifrons, N. virginianus. Middle row (left to right): N.
pinetum, N. lecontei, N. merkeli. Bottom row (left to right): N. pratti, N. compar, N.
swainei. Larvaein thefirst and last columns are exhibiting a defensive “U-bend” posture
(aresinousregurgitant isvisiblein N. virginianus, top right). N. pratti photo is by K.
Vertacnik, all othersare by R. Bagley.

31


https://doi.org/10.1101/183996

bioRxiv preprint doi: https://doi.org/10.1101/183996; this version posted September 3, 2017. The copyright holder for this preprint (which was

1326
1327

1328
1329
1330
1331
1332
1333
1334

not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Haploid male (Michigan) Diploid female (Virginia)

n-w& sy ,}“.'.;"’_'-:h“ﬂ.

B A
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Figure 2. Intraspecific variation in Neodiprion lecontei larval color and cross design.
We crossed white, dark-spotted diploid females from Virginiato yellow, light-spotted
haploid males from Michigan. This produced haploid males with the VA genotype and
phenotype (not shown) and diploid females (F1) with intermediate spotting and color.
Virgin F; females produced recombinant haploid males (F,) with awide range of body
color and spotting pattern (a representative sample is shown).
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Figure 3. Larval color variation across generations. Variation in larval body color (A;
higher yellow scores indicate more yellow pigment) and spotting pattern (B; higher
spotting scores indicate more melanic spotting), both measured from digital images as
described in the text. Boxes represent interquartile ranges (median + 2 s.d.), with outliers
indicated as points. All comparisons were significantly different after correction for
multiple testing (adjusted o. = 0.0042) except F, female vs. F, male spotting score (see
text).
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Figure 4. Linkage mapping and polygenic association mapping results. Linkage

mapping anal

yses recovered QTL for larval body color (Y ellow) on linkage groups (LGs)

1,2,3,and 5 (A) and QTL for spotting pattern (Spotting) on LG 2 (B). These same

regions were
posterior incl

recovered in polygenic association mapping analyses as SNPs with high
usion probabilities (PIPs) (B and D; results shown are for the SNP dataset

with <50% missing data). Polygenic association mapping also recovered additional high-
PIP SNPs (99" percentile threshold isindicated as a horizontal linein B and D).
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Figure 5. Effect and interaction plotsfor larval body color and spotting pattern. For
each trait, phenotypic effect plots are given for the SNPs closest to the QTL peak for each
of the two largest-effect QTL (namesareasin Table 1). Yellow-4 (A) and Yelow-5 (B)
arefrom LG 3 and LG 5, respectively. Spot-1 (D) and Spot-2 (E) are from LG 2. For both
traits, the two largest-effect QTL also have a significant interaction term (Table 1). In
both cases (C and F), the magnitude (but not the direction) of the alelic effects at one
locus depends on the genotype of the interacting locus.
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Figure 6. Genetic ar chitectur e parameter estimatesfor larval pigmentation (yellow)
and larval color pattern (spotting). Violin plots display posterior probability
distributions for genetic architecture parameters estimated under the BSLMM
implemented in GEMMA.. Genetic architecture parameters include: (A) PVE= total
proportion of phenotypic variance explained by genetic variance; (B) PGE = total
proportion of genetic variance explained by sparse (major) effects; and (C) # SNPS
(“n_gamma’ in GEMMA output) = number of sparse (major) effect SNPs. SNP dataset
refers to the maximum percent missing data in the SNP dataset analyzed (0%: 1205
SNPs; 50% 3070 SNPs; 75%: 4162 SNPs). Distributions are combined across 10
independent runs, each consisting of 20 million post-burnin generations sampled every
1,000 generations. Violin plots depict probability densities (colored area), medians (white
dot), interquartile ranges (thick black line), and 95% confidence intervals (thin black
lines). For all datasets, PVE and PGE are consistently higher for yellow than for spotting
(seeaso Table 2).
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Table1l. QTL locationsand effect sizesfor larval pigmentation (Yellow) and larval color pattern (Spotting).

Trait  QTL name LG’ Position (interval)’  Marker* LOD PVE Effect size® (SE) % difference”
Yellow  Yellow-1 1 105.9 (84.4-112.5) 5744 8.29 1.32 -0.025(0.0043) 8.06
Yellow  Yellow-2 2 28.2 (16.2-55.1) 19162 2.92 045 -0.014 (0.0043) 4.63
Yellow  Yellow-3 2 179.9 (140.8-194.0) 15279 3.51 054 -0.016 (0.0043) 5.13
Yellow  Yellow-4 3 181.9 (179.8-181.9) 1882 71.23 16.27 -0.084 (0.0043) 27.19
Yellow  Yellow-5 5 140.6 (139.9-149.6) 3222 7117 16.25 -0.16 (0.0081) 51.64
Yellow  Yellow-6 5 149.6 (140.6-154.8) 19661  4.37 0.68 -0.035 (0.0082) 11.43
Yellow Interaction Yellow-3 x Yellow-5 12.45 2.03 0.061 (0.0086) 19.58

Spotting Spot-1 2 55.1 (48.0-57.6) 9282 28.62 12.99 0.029 (0.0025) 34.86
Spotting  Spot-2 2 179.9 (169.1-187.5) 15279 63.73 35.47  0.048 (0.0024) 57.04
Spotting Interaction Spot-1 x Spot-2 1.76 0.69 0.014 (0.0049) 16.49

" Linkage group number

" Position in cM (1.5-LOD support intervals)

* Marker closest to QTL peak

8 Effect sizes as the difference in the phenotypic averages of among F, males carrying a VA alele and F, males carrying aM| alele (+
standard error).

" Effect sizes asapercentage of the difference between average trait values for the two grandparental lines (VA and M1).
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Table 2. Effect size and genetic ar chitecture parameter estimatesfor larval

pigmentation (Yellow) and larval color pattern (Spotting).

Parameter’ % miss." Yellow* Spotting*
effect size (maximum) 0% 0.69 0.37
effect size (top 1%) 0% 0.023 (+0.088)  0.013 (x0.014)
PVE 0% 0.80 (0.77,0.83) 0.67 (0.60,0.73)
PGE 0% 0.94 (0.90,0.98) 0.82(0.72,0.89)
# SNPs 0% 5 (3,10) 3(2,9)
effect size (maximum) 50% 0.45 0.33
effect size (top 1%) 50% 0.042 (x0.15) 0.03 (+0.055)
PVE 50% 0.73 (0.67,0.79) 0.58 (0.47,0.70)
PGE 50% 0.93(0.82,1)  0.87 (0.66,0.99)
# SNPs 50% 25 (12,52) 24 (8,75)
effect size (maximum) 75% 0.57 0.37
effect size (top 1%) 75% 0.015 (x0.031) 0.013 (+0.016)
PVE 75% 0.70 (0.63,0.78) 0.58 (0.47,0.69)
PGE 75% 0.88 (0.76,0.98) 0.83 (0.65,0.99)
# SNPs 75% 14 (6,35) 17 (4,56)

" Genetic architecture parameter estimates for the BSLMM implemented in GEMMA are
asfollows: PVE= total proportion of phenotypic variance explained by genetic variance;
PGE = total proportion of genetic variance explained by sparse (mgor) effects; # SNPS
(“n_gamma’ in GEMMA output) = number of sparse (major) effect SNPs.

t Maximum percent missing datain the SNP dataset (0%: 1205 SNPs, 50% 3070 SNPs,
75%: 4162 SNPs).

¥ For PVE, PGE, and # SNPS, medians (and 95% credible intervals) are reported for the
combined posterior distributions of 10 independent GEMMA runs (results for individual
runs are given in Table $4). For the top 1% SNPs, medians (and interquartile ranges) are
reported.
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