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Materials and Methods
Flow cytometric genome size estimation.
Flow cytometry was used to determine genome size as described in (26). In short,
neural tissue dissected from individual heads of male (n=2) or female (n=2) adult T.
cristinae was placed into 1ml of Galbraith buffer along with the head of a female
Drosophila virilis standard (1C = 328 Mb). The sample and standard were co-ground
with 15 strokes of the "B" pestle in a 2ml Dounce tissue grinder (Kontes USA). The
resultant solution was filtered through a 20-micron nylon mesh, stained with 0.25 mg of
Propidium Iodide and adjusted to a final volume of 1ml with Galbraith buffer. The
stained solution was mixed using a vortex and then held in the cold and dark for a
minimum of 30 minutes. To score genome size, mean PI fluorescence of the stained coprepared nuclei from the sample and standard was scored using a FACScan (Beckman
USA) flow cytometer with excitation at 488 nm. Red fluorescence was scored using a
590nm long pass filter. The red PI fluorescence peak produced by the 2C nuclei of the
standard was set to channel 200. To ensure that only nuclei free of cellular tags were used
in the assay, a gate was set on side scatter; only nuclei with uniformly low side scatter
(small uniform size) were scored for fluorescence. A minimum of 1000 gated diploid
nuclei were scored for the standard and for the sample. The coefficient of variation was <
3.0 for all scored peaks. To determine the amount of DNA in the sample, the mean
channel number of the peak produced by the diploid nuclei of the standard and the
sample were scored using FacScan software. The total DNA amount in the sample was
determined as the ratio: average channel number of the sample 2N/ average channel
number of the standard 2N times the 1C amount of DNA in the standard. Detailed results
were as follows: females, 1C = 1381.8 Mb +/- 3.1 Mb; males, 1C = 1273.8 +/- 0.9 Mb.
De novo assembly.
The first version of the T. cristinae genome was presented in (18). We summarize
here the steps taken in the previous study (see original study for further details). We
constructed one fragment library based on 170 bp fragments, and jumping libraries with
insert sizes of 500, 800, 2000 (two replicates) and 5000 bp for paired-end sequencing on
seven lanes of the Illumina HiSeq 2000 platform with V3 reagents. Genomic libraries
were constructed from genomic DNA that was isolated from a total of 10 individual
female T. cristinae using Qiagen DNeasy Blood and Tissue kits (Qiagen, Inc. USA). To
minimize genetic differences that might affect assembly of sequences all individuals used
in DNA extractions were collected from the same sample population during spring 2011
(population code: PC). All library construction and sequencing was carried out at BGI,
Hong Kong. Sequencing was accomplished on seven lanes (one lane each for all libraries
except the 5000 bp library, which was sequenced in two lanes). Raw sequencing reads
totaled 303.073 Gigabases (Gb) and following initial quality control sequencing reads
totaled 182.015 Gb. Initial quality control included removing reads with greater than 5%
N’s or with evidence of polyA regions, removing reads where 20% or more of the calls
were considered low quality bases, removing adaptor polluted reads, removing reads with
overlapping reads, and removing duplicated reads. Three assemblies with different
choices of k-mer-size (31, 47, and 71) and the software SOAPdenovo (version 1.05)(27)
resulted in many small scaffolds that were evidently under-assembled relative to expected

genome size. This may be due to heterozygosity within and among the outbred
individuals in the sequencing libraries. In contrast, assembly of the reads from the 170,
2000, and 5000 bp insert libraries with ALLPATHS-LG (version 43375)(28) yielded a
much smaller number of larger scaffolds (the 500 and 800 bp libraries cannot be used in
ALLPATHS-LG). Invoking the HAPLOIDIFY=T option in ALLPATHS-LG, to better
utilize reads from heterozygous individuals, yielded a longer assembly with fewer
scaffolds than without this option. We used this latter assembly for all further analyses.
This assembly included 190,773 contigs in 14,221 scaffolds with the N50 (i.e., the
smallest scaffold above which 50% of an assembly would be represented) for the
scaffolds being 312,000 bp (with gaps). The estimated fraction (total length of assembly
in bp / estimated genome size from flow through cytometry) of the genome represented in
this assembly is ~80% (1027063217 / (1.3*10^9) = 0.7900486). The fraction of RNA
transcripts discovered from a thorough transcriptome sequencing study (29) that are
represented in the assembly is 0.95, indicating the overwhelming majority of transcripts
are represented. This version of the assembly was used for analyses in (18), but did not
yet contain any linkage group information or any functional, gene, structural or TE
annotation (see below). We updated the genome here to include all these components.
Genome annotation.
We performed structural gene annotation with MAKER 2.28b (30, 31), an
annotation pipeline specifically designed for de novo annotation when little data is
available on gene models. The workflow of the pipeline involves: (1) identifying and
masking out repeat elements, (2) producing ab initio gene predictions, (3) aligning
protein and RNA evidence, (4) polishing evidence alignments to identify intron-exon
boundaries and splice forms, (5) producing evidence-informed gene predictions, (6)
integrating the evidence and synthesizing annotations, and (7) computing evidence-based
quality scores and selecting the gene models best supported by evidence. The pipeline
was specifically set up as follows. We used RepeatMasker 4.0.1 (32) to find and mask
repeats with RMBlast 2.2.28 and Tandem Repeats Finder 4.07b (33), using RepBase
18.05 (34) and Dfam 1.2 (35) curated libraries. For ab initio gene predictions, we used
SNAP 2013-02-16 (36) and GeneMark-ES 2.3.e (37). SNAP finds protein-coding regions
using a hidden Markov model where exon-intron boundaries are modeled as transitions
between hidden states. SNAP requires supervised training, and therefore we used
CEGMA 2.4.010312 (38) to produce an initial training gene model by finding orthologs
of a set of highly conserved eukaryotic proteins. CEGMA was set up to use NCBI
BLAST+ 2.2.28+ (39) to identify candidate genes, and Wise 2.4.1 (40), HMMER 3.1b1
(41), and geneid 1.4.4 (42) to refine gene structures and determine exons and introns.
From a subset of 248 ultraconserved genes, we found 135 complete matches (54.4%) and
214 partial matches (86.29%) in the T. cristinae genome. Genemark-ES follows a similar
hidden Markov model approach, but it does not require supervised training, as it uses a
heuristic method to initialize the searching algorithm. We used a dataset of 835,424
proteins of insects retrieved from UniProt Knowledgebase (43) (downloaded on
26/06/2013) as protein evidence. Regarding RNA evidence, we used the already
published T. cristinae transcriptome (29), along with the transcriptomes of the two most
closely related species available so far: Phyllium philippinicum and Embioptera sp. (44).
We retrieved the publicly available 454 data for these species (GenBank SRR399296,
SRR399289), pre-processed and cleaned the sequences with SeqTrimNext 2.0.54 (45),

and assembled them de novo using Trinity r2013-02-25 (46). Intron-exon boundaries
were refined using Exonerate 2.2.0 (47). To evaluate the quality of the annotations,
MAKER 2 computed Annotation Edit Distances (AED). AED is based on the protein and
RNA evidence that supports a given annotation, ranging from zero when the annotation is
in total agreement with its evidence, to one when there is no evidence at all supporting
the annotation (48).
Functional annotation was carried out using InterProScan 5.4.25.0 (49). We scanned
T. cristinae predicted proteins against 11 signature databases: COILS 2.2, Gene3D 3.5.0,
PANTHER 8.1, Pfam-A 27.0, PIRSF 2.84, PRINTS 42.0, ProDom 2006.1, PROSITE
20.97, SMART 6.2, SUPERFAMILY 1.3, and TIGRFAMs 13.0. The scan of the 44,292
protein sequences yielded a total of 147,560 matches distributed as follows: 3,808 hits for
COILS, 22,294 for Gene3D, 30,096 for PANTHER, 25,474 for Pfam-A, 416 for PIRSF,
9498 for PRINTS, 3 for ProDom, 20,084 for PROSITE, 13,643 for SMART, 21,474 for
SUPERFAMILY, and 770 for TIGRFAMs. We found 23,083 predicted proteins that had
at least one match with any of the databases. We limited further functional analyses to
Pfam-A matches, because this database is characterized by high-quality, manually
curated entries. We extracted the Gene Ontology (GO) terms that mapped to the Pfam
domains that matched the predicted proteins.
In summary, we annotated a total of 44,292 genes, 188,964 coding DNA sequences
(CDS), and 3,556 untranslated regions (UTRs). Genic regions (coding or non-coding)
comprised 22.5% of the genome (190,238,410 bp) and 16.9% (32,233,651 bp) of these
genic regions were coding regions. ‘Genic non-coding’ regions were defined as introns
and UTRs. The mean AED was 0.38 (95% interval = 0.05 - 0.85), and 33,482 genes had
an AED below 0.5 (75.6%). Regarding functional annotation, we found 23,083 predicted
proteins that had at least one match with any of the functional databases used. From these
proteins with functional predictions, 16,307 matched 25,474 Pfam domains associated
with at least one Gene Ontology (GO) term. We found 439 unique GO terms for
biological process, 156 for cellular component, and 568 for molecular function.
Transposable element (TE) annotation.
De novo repeat detection was done using raw reads and assembled scaffolds.
Consensus sequences for repeats with at least 10 copies and minimum 200 nucleotides
(nt) in length were computed with ReAS and RepeatScout (50, 51). Output sequences
were pulled together and redundant repeats were clustered with 95% identity threshold
using UCLUST with the centroid option (52). In a first round of automatic classification
with REPCLASS (53), using homology to RepBase (54) entries and structural features,
repeats at least annotated to TE superclass level (class I or class II) were kept in a
putative TE library, whereas non-TE entries were discarded. Boundaries of elements
longer than 1000 nt or elements classified to super-family level (e.g., hAT, gypsy, etc.)
were manually extended where possible. This was done by blasting each repeat against
the whole genome (evalue cutoff: 1e-20), aligning best hits plus extended boundaries with
Muscle (52) and curating alignments by eye. Repeats were considered ‘complete’, if
boundaries could not be extended any further with at least three sequences aligned.
Consensus repeats, representing the ancestral repeat state, were generated with these
alignments following the majority rule. In a second round of classification, extended

elements were annotated with REPCLASS (as above) and with RepeatMasker (32),
tblastx and blastn against RepBase and non-redundant NCBI entries (keywords:
retrotransposon, transposase, reverse transcriptase, transposon, transposable element)(evalue > 1e-30). Ambiguous annotations were re-checked with Censor (54), and by manual
curation using knowledge of TE family structure. The final ‘strict’ (no unknown or
ambiguous repeats) species-specific T. cristinae TE library contained 904 reconstructed
repeats with an average length of 1470 nt. In summary, via this gene, functional, and TE
annotation we identified 16,307 genes with predicted function and the proportion of the
assembly in different categories was 4% coding, 19% genic non-coding, and 77%
intergenic, with a total TE content of 24%.
Linkage mapping.
We estimated recombination rates between SNPs on different scaffolds and used this
information to delineate linkage groups and order DNA sequence scaffolds within
linkage groups, similar to the approach used with the recent Heliconius genome (9). We
generated three F1 mapping families from wild-caught stick insects from three locations
(source population ‘M’ on Adenostoma, 34 30.897 120 04.278; source population ‘S’ on
Ceanothus, 34 31.338 119 49.877; source population ‘WT’ on Adenostoma, 34
30.950 120 04.389). Each family included two parents from different populations (female
by male cross: S x M, WT x M, and M x S), yielding 114, 48, and 24 sequenced
offspring, respectively. We isolated genomic DNA from these stick insects using
Qiagen's DNeasy Blood and Tissue kit. We constructed reduced-complexity genomic
libraries for genotyping-by-sequencing (GBS) following published protocols (16).
Briefly, we digested genomic DNA from each individual using two restriction enzymes,
EcoRI and MseI. We then used T4 DNA ligase to attach adaptor oligos containing a
unique 8, 9, or 10-bp barcode sequence and the Illumina sequencing adaptor to the
digested fragments. We PCR amplified these fragments using the Illumina sequencing
primers. Following PCR, we pooled all genomic libraries and size selected DNA
fragments ranging in size from 250–400. We gel-purified these fragments using
QiaQuick gel purification kit (Qiagen, Inc.). These libraries were sequenced over three
lanes on the Illumina HiSeq 2000 platform at the National Center for Genome Resources
in Santa Fe, NM. We obtained 157,925,171 DNA sequences with a maximum read length
of 100 bp.
We used the BWA-backtrack algorithm implemented in bwa 0.7.5a-r405 (55) to
align these sequences from each individual to the Timema genome scaffolds. We
discarded bases with quality scores less than 10, allowed a maximum edit distance of 4
between the read and reference sequences, and only placed reads with a unique best
match. We used a 20 bp seed with a maximum edit distance of two to increase the speed
of the alignment method. We then used the Bayesian variant caller implemented in
samtools and bcftools 0.1.19 (56) to identify single nucleotide variants from the aligned
sequence data. We defined a site as variable if the probability of the data under the null
hypothesis (no variation at the site) was less than 0.01 using the full prior with Φ = 0.001.
We required data for 90% of individuals to designate a variable locus, and we identified
variable loci separately for each mapping family. We identified 79,109 single nucleotide
variants using these criteria with an average coverage of 6.2 sequences per SNP per
individual. We then extracted the subset of SNPs that were fully recombination

informative in each family (i.e., homozygous in one parent and heterozygous in the
other), and where we had moderately high confidence in the parent genotypes.
Specifically, we calculated the posterior probability of each genotype from the genotype
likelihoods with a uniform prior, and only retained the 21,125 SNPs where one parent
was homozygous and the other was heterozygous with posterior probabilities of at least
0.8.
We developed and implemented a Bayesian-Monte Carlo method to estimate
recombination rates between these SNPs. We first calculated the posterior probability of
each offspring genotype as Pr(g | x, s) = (Pr(x | g) Pr(g | s)) / Pr(x), where Pr(x | g) is the
probability of the sequence data and quality scores (x) given each genotype (g; this is the
genotype likelihood from bcftools), Pr(g | s) is the prior probability of the offspring
genotype given parent genotypes and Mendelian segregation (s), and Pr(x) is the
marginal likelihood of the data. We then repeatedly (100 times) sampled offspring
genotypes according to their posterior probabilities and calculated the observed
recombination rate from the bi-locus genotype frequencies. We only included offspring in
the recombination rate calculation for a locus pair if the posterior probability of their
most likely genotype was at least 0.9. Even with this high stringency, uncertainty in
genotype introduces bias in recombination rate estimates such that the recombination rate
between tightly linked loci will tend to be overestimated. Thus, whereas these
recombination rate estimates allow us to generate a hypothesis regarding the partitioning
of scaffolds into linkage groups and ordering of scaffolds within linkage groups, they are
not accurate enough to determine the distance between scaffolds.
We developed a heuristic method to designate linkage groups and order scaffolds
based on the mean recombination rate between SNPs on each pair of scaffolds. We used
all three families and recombination rates estimated in the mother and father of each
family to estimate the average recombination rate between each pair of scaffolds. Thus,
the linkage map reflects the average recombination rates across six individuals (three
families with two parents in each family) rather than the recombination rates in any single
individual. We first use principal component analysis (PCA) to statistically summarize
the matrix of pairwise mean recombination rates between scaffolds. We retained the first
13 PC axes, which explained 11.2% of the variation, and correspond with the number of
linkage groups in T. cristinae. We then used K-means clustering with the Hartigan-Wong
algorithm to define the center of 16 clusters of scaffolds based on these 13 PC axes. Next,
we assigned individual scaffolds to putative linkage groups with linear discriminant
analysis based on the same 13 PC axes and cluster means from K-means clustering (57).
We retained 13 clusters with assigned scaffolds where the mean recombination rate
among scaffolds assigned to the cluster was less than 0.3. These analyses were
implemented in R. Finally, we employed an R implementation of the unidirectional
growth algorithm (58) to order scaffolds along each linkage group (the R implementation
of this algorithm we used was written by Q. Wang and A. Buerkle). We treat the resulting
linkage group designation and ordering as a working hypothesis for the genome
organization of T. cristinae that will be iteratively improved over time.

Whole genome re-sequence data alignment and variant calling.
We extracted DNA from 160 wild-caught stick insects from eight populations
(these are the same individuals examined in a previous genotype-by-sequencing study for
a much smaller set of 86,130 SNPs, see (16) for details). We then fragmented each
individual's DNA to an average size of 150 bp to prepare fragment libraries for DNA
sequencing. . We sequenced these libraries on eight lanes of Illumina HiSeq 2000 with
V3 reagents. We obtained paired-end reads that were 100 bp long, i.e., 100 bp per read
and thus 200 bp per pairs for each fragment. Library preparation and sequencing was
conducted at the Welcome Trust for Human Genetics in Oxford, UK. Sequencing yielded
a total of 3,166,737,472 reads. We used BWA-MEM algorithm implemented in bwa
0.7.5a-r405 (55) to align paired-end whole genome re-sequence data from the 160
individuals to the T. cristinae draft genome. We set the minimum seed length to 20 bps,
the internal seed tuning parameter to 1.3, and the minimum aligned read quality score to
30 (this parameter specifies the minimum phred-scaled probability that the read is not
correctly mapped). We then used samtools and bcftools 0.1.19 (56) to sort and index the
alignments and identify variable nucleotides. We required sequence data for 124 of the
160 sequenced stick insects to designate a variable locus and we defined a site as variable
if the probability of the data under the null hypothesis was less than 0.001, using the full
prior with theta equal 0.001. We found 12,287,179 single nucleotide variants (median and
mean coverage per SNP per individual = 2.8 and 5.0, respectively; average SNP density
was 8.4 SNPs per 1000 bp). These included 4,391,556 SNPs with a minor allele
frequency greater than 1% that mapped to one of the 13 putative linkage groups. The
following analyses used these 4,391,556 SNPs.
Genome re-sequence data from additional Timema species.
To construct a rooted phylogenetic tree of the T. cristinae populations (see below)
we generated whole genome re-sequence data from five outgroup species of Timema that
are closely related to T. cristinae (one individual each of T. poppensis, T. californicum, T.
petita, and T. landelsensis, and two specimens of T. knulli), using the same method as
described for T. cristinae.
Phylogenetics.
We carried out phylogenetic analyses using the previously defined 4,391,556 SNPs
for 160 T. cristinae individuals. We used a custom Perl script to generate a multiple
alignment from the genotype with the highest likelihood and coding heterozygotes as
IUPAC ambiguities. We estimated the maximum-likelihood phylogenetic tree using
ExaML 1.0.9 (59), which is an implementation of the RAxML search algorithm (60)
optimized for improved parallel efficiency on computer clusters. We first used RapidNJ
2.3.0.2 (61) to infer a Neighbor-Joining tree under a Kimura’s substitution model. This
tree was used as a starting tree for ExaML to conduct maximum-likelihood inferences
under a GTR + Γ substitution model. Due to computational limitations, approximatelymaximum-likelihood bootstrap tree inferences were computed with FastTree 2.1.7 (62),
using the ExaML maximum-likelihood tree as starting tree and the GTR + CAT
approximation model with 20 rate categories (100 bootstrap replicates). This tree showed
strong grouping of individuals by geography, not host (Fig. S2). However, four
individuals from two geographically distant populations grouped together. These
individuals presented long branches and high mean neighbor-joining genetic distances

when compared to the rest of the individuals (Fig. S2), suggesting possible long-branch
attraction artifact (LBA)(63). Likewise, analyses including the other five Timema species
resulted in strong clustering of the same four T. cristinae individuals with the other
species, adding further evidence of LBA (aberrant individuals were not evident in any
non-phylogenetic analyses such as principal components analyses, see below). Thus, we
excluded these four individuals from subsequent phylogenetic analyses to avoid artifacts
due to LBA. We generated this new dataset by using samtools and bcftools to identify
variable positions as before, but also considering the alignments of the other five species
of Timema, which were used as the outgroup. From the 56,704,814 SNPs found, we
retained those where at least 90% of the individuals were sampled for subsequent
phylogenetic analyses. As before, we used a custom Perl script to generate a multiple
alignment that included 162 individuals (156 T. cristinae individuals and 6 individuals
from the other five Timema species) and 3,199,186 variable positions. The maximumlikelihood tree and bootstrap support were estimated as before. Additionally, we
specifically tested whether T. cristinae individuals grouped by host plant. We used
ExaML to reconstruct trees as before, but constraining tree searches to group individuals
by host. Next we calculated site-wise likelihoods with RAxML 8.0.3 (64), which were
subsequently used with consel 0.20 (65) to perform an approximately unbiased (AU) test
(66). Grouping by host plant was significantly rejected regarding of using the initial 160
T. cristinae dataset (p = 1 x 10-42) or the final dataset of 162 individuals that included the
outgroup species (p = 4 x 10-56).
Principal Components Analysis.
We used principal component analysis (PCA) to statistically summarize the
distribution of genomic variation across the 160 wild-caught T. cristinae. We first
calculated the Bayesian posterior mean genotype for each individual and locus as Σg =
{0,1,2} g * Pr(x | g) * Pr(g), where Pr (x | g) is the genotype likelihood calculated with
samtools and bcftools, and Pr(g) is the prior genotype probability (we specified an
uninformative prior probability of 1/3 for each genotype). We then calculated the N x N
genetic covariance matrix based on the genotype estimates and transformed this matrix
with PCA. We computed genetic covariance matrixes and performed PCA in R (67)
using the prcomp function. The first PC explained 66.6% of the variation in genomic
similarity among individuals. We fit a linear random effects model for the PC1 scores to
estimate the proportion of genomic variation explained by host plant and locality with the
lmer function in the R package ade4 (68).
Population differentiation (FST).
We quantified genome-wide genetic differentiation between the four pairs of
Adenostoma and Ceanothus-feeding stick insect populations. Specifically, we estimated
Hudson's FST (69,70) for each SNP and population pair as FST = 1 - Hw/Hb = 1 -(p1 * (1p1) + p2 * (1-p2))/(p1 * (1-p2) + p2 * (1-p1)). Here Hw is the mean number of
differences between sequences sampled from the same population, Hb is the mean
number of differences between sequences from different populations, and p1 and p2 are
the reference allele frequencies in population 1 and 2. We estimated the sample allele
frequencies directly from the sequence data and quality scores as p = 1/2n * sum_n
sum_g = {0,1,2} g * Pr (x | g), where Pr (x | g) is the genotype likelihood calculated with

samtools and bcftools (71). We conducted this analysis in R with code written by the
authors.
Quantifying genomic differentiation using a Hidden Markov model approach.
We used a discrete state, homogeneous Hidden Markov model (HMM) to delineate
contiguous regions of the genome with different levels of genetic differentiation between
the T. cristinae population pairs. This allowed us to examine the number, size, and
distribution of regions of divergence. A similar approach was used by Hofer et al. (22) to
statistically summarize genetic differentiation among human populations. We assumed
that the genome could be delineated into contiguous genetic regions characterized by
low, intermediate, or high genetic differentiation (FST). These classes of loci are hidden
states in the HMM and our main goal was to infer these hidden states. We modeled
logit(FST), and assumed that the distribution of logit(FST) varied among states.
Specifically, we assumed a Gaussian distribution of logit(FST) for each state with the
variance fixed at the genome-wide sample variance. We estimated the mean logit(FST) for
each state and the transition rate matrix among states from the data using the BaumWelch algorithm (72). Following (22), we disallowed transitions directly between low
and high genetic differentiation states. We then used the Viterbi algorithm to predict the
most likely sequence of hidden states from the data and estimated parameters. We used
the R package HiddenMarkov (73) for these analyses. We were primarily interested in the
regions of high divergence from the HMM analyses, and whether they correspond to
regions affected by selection in the field experiment (see below). However, the model
also delimited a number of regions of low divergence, which tended to be small. Further
work is required to determine the significance of these regions of low divergence, which
for example, could be subject to purifying selection.
Quantifying parallelism of individual SNPs.
We compared genetic differentiation (FST) for individual SNPs across population
pairs to determine the extent to which divergence between Adenostoma and Ceanothusfeeding populations consistently involved the same SNPs (i.e., parallelism). We focus
these analyses of parallelism on SNPs to increase precision, but note that SNP-based and
HMM-model based results were strongly associated and highly congruent (details
below). We first identified the set of SNPs above the 90th empirical FST quantile between
each population pair (i.e., the top 10% of FST for each population pair). We then
enumerated the number of population pairs where each SNP was in this top quantile set.
We then repeatedly (1000 times) randomized SNP labels among population pairs to
generate a null distribution for the number of SNPs that would be expected to be in the
top 10% for more than one population pair by chance. We generated this null distribution
considering SNPs that were in the top quantile set in two, three, or all four population
pairs, and for those in two or more population pairs. We contrasted these null
distributions with the observed counts. We implemented this analysis in R. We then
conducted a similar analysis for numbers of observed versus expected SNPs for the 99th
(rather than 90th) quantile of the empirical FST distribution (1000 randomizations).
Correspondence between divergence and parallelism of SNPs and HMM regions.
We tested whether parallel high divergence SNPs (those in the top 10% of the
empirical FST distribution for two or more population pairs) occurred in parallel high

divergence genetic regions delimited by the HMM. Specifically, we tested whether
parallel high divergence SNPs were classified as having the high divergence HMM state
in two or more populations pairs more often than expected by chance. To achieve this, we
first computed the empirical 5x5 contingency table for the number of populations pairs
(0, 1, 2, 3, or 4) where a SNP exhibited high divergence based on its estimate of FST
versus the number of populations pairs where a SNP exhibited high divergence based on
its HMM state. We then randomized locus ids and recalculated the contingency table
1000 times to generate null expectations for the correspondence between divergence and
parallelism of SNPs based on FST and HMM states. We then quantified the extent and
statistical significance of excess correspondence beyond these null expectations. Results
from these analyses are presented in Table S2 and Figure S5 and show that parallel high
divergence SNPs occur much more often in parallel high divergence HMM regions (i.e.,
these SNPs were assigned high divergence HMM states in multiple populations) than
expected by chance.
Executing the field experiment.
During a one-week period in March 2010, T. cristinae (n = 2350) were collected
from a phenotypically and genetically variable population (LA) of the host Adenostoma
fasciculatum. This population is genetically variable but within the range of other
populations (Fig. S3). A random sample of 300+ of these insects collected from
throughout the host-plant patch was kept in 90% ethanol as representative ‘ancestors’ of
the experimental populations (31 of these were used for sequencing, see below). The
remaining 2000 T. cristinae were kept alive, in Nalgene bottles in groups of 25 or 50, for
transplantation onto the experimental bushes.
The host-shift was conducted at the same site as a previous mark-recapture
experiment, but using different individual bushes (74) (with the following GPS
coordinates: Block 1A N34 30.859 W119 47.986; Block 1C N34 30.859 W119 47.986;
Block 2A N34 30.822 W119 47.961; Block 2C N34 30.851 W119 47.969; Block 3A N34
30.862 W119 48.031; Block 3C N34 30.862 W119 48.031; Block 4A N34 30.831 W119
48.112; Block 4C N34 30.828 W119 48.091; Block 5A N34 30.880 W119 48.103; Block
5C N34 30.867 W119 48.113; Fig. S6 for map). Bushes were chosen and prepared for T.
cristinae to be shifted onto them as follows. The experiment consisted of five paired
blocks. Each block consisted of one plant individual of each host species (‘experimental
bushes’ hereafter). The experimental bushes were not touching one another and within
each block were generally separated from each other by several meters. Different
experimental bushes within blocks were closer to each other than to experimental bushes
in other blocks. When necessary, other plants near experimental bushes were chopped
down using clippers. Prior to experimental introduction of the 2000 insects mentioned
above, any T. cristinae on the experimental bushes were removed using the following
protocols. Insects were stripped from each experimental bush with sweep nets each day
from March 20-26th, alternating stripping in the morning versus afternoon, and not
returned to the bushes upon which they were captured. Past studies have shown this is a
highly effective method for removing T. cristinae from a bush (75), and indeed by the
last day of stripping very few or no T. cristinae were captured on our experimental
bushes. All non-Timema (i.e., other arthropods) captured during the stripping protocol

were returned to the experimental bush that they were captured on. At this point, the
experimental bushes were ready for T. cristinae to be transplanted onto them.
The aforementioned Nalgene bottles harboring the 2000 experimental animals were
assigned randomly to block and host. A total of 200 insects were assigned per plant
individual. The experimental animals were released onto the experimental bushes by
gently shaking the insects from the Nalgene bottles onto the branches and foliage of the
experimental bushes. The insects readily clung to the foliage. High densities of the focal
species comparable to those used in the experiment exist naturally (75), but certainly
resource competition could have influenced selection in the experiment. Notably, several
previous studies have shown that dispersal by T. cristinae across ‘bare ground’ (grassy
regions not containing suitable hosts) is near or even completely absent (16, 74, 76, 77).
Because our experimental bushes were separated from all other plants by regions of bare
ground, there was likely little or no dispersal in our experiment following transplantation.
This means that the allele frequency changes we observed (see below) were driven
primarily by selection and drift. On March 4th and 5th 2011 (one insect generation later),
the experimental bushes were scoured for any T. cristinae. In total, 418 bugs were
collected. These represent the F1 descendants of the original 2000 founders. A potential
advantage to the between-generation analysis employed here (rather than a withingeneration one) is that it integrates selection over life history stages and across viability,
mating, and fertility selection.
Genotype-by-sequencing of the experiment.
We constructed reduced-complexity genomic libraries for the 418 F1 descendants
and 31 ‘ancestors’ as described for the mapping families above. The pooled and sizeselected libraries were then sequenced on five lanes of the Illumina HiSeq 2000 system
using V3 reagents at National Center for Genome Resources in Santa Fe, NM. This
generated 885.3 million 100 bp sequences with identifiable individual barcodes. We used
the bwa-backtrack algorithm in bwa version 0.6.2-r126 (aln and samse functions) to align
these sequence data to the T. cristinae genome assembly. We allowed a maximum of four
mismatches between each sequence and the reference genome. We then used the
Bayesian model in bcftools version 0.1.17-dev to identify SNPs. We only designated a
SNP if reads occurred in a minimum of 95% of the individuals and the probability of the
data was less than 0.001 under the null model that all samples were homozygous for the
reference allele with the full prior and theta equal to 0.001. We ignored insertions and
deletions. This yielded 128,216 SNPs with an average of 9.8 reads per individual per
SNP. To better satisfy the assumptions of the method used to quantify allele frequency
changes in the experiment (see below), further analyses were restricted to the 82,060
SNPs that were largely uncorrelated with neighboring SNPs. Specifically, we defined
every consecutive pair of SNPs on the same scaffold as ‘neighboring’ and then calculated
LD (measured by r2) between each consecutive pair of SNPs and only retained a SNP for
downstream analyses if r2 between it and the previous SNP was less than 0.05.
Genomic analysis of the experiment (Wright-Fisher model).
We fit a Bayesian model to the sequence data from the experiment to infer allele
frequency change and the variance effective population size for each experimental
population while incorporating uncertainty in individual genotypes. In particular, we

assumed that each experimental population evolved according to the Wright-Fisher
model (78-80). In other words we assumed generations were discrete (as is the case in
Timema) and that the expectation and variance in the allele frequencies in the F1
generation followed a binomial distribution. This required estimating the allele
frequencies in the source population and in the F1 generation in each experimental
population. We estimated the posterior probability distribution for the source population
as Pr(π, γ, θ | y, ε) ∝ Pr(y | γ, ε) Pr(γ | π) Pr(π | θ) Pr(θ). The term Pr(y | γ, ε) is the
probability of the source populations sequence data (y) given the source population
genotypes (γ) and quality scores (ε). We pre-calculate this genotype likelihood using
samtools and bcftools following (74). Pr(γ | π) is the probability of the source population
genotype data given the source population allele frequencies and Hardy-Weinberg
genotype frequency expectations, such that for an individual and locus Pr(γ = 0) = π2,
Pr(γ = 1) = 2 * π * (1 - π), and Pr(γ = 2) = (1 - π)2. Pr(π | θ) is the conditional prior
distribution on the source population allele frequencies such that π ~ Beta(θ,θ). Thus, the
parameter theta describes the allele frequency distribution.
The source population allele frequencies are a component of the prior distribution
for the experimental population allele frequencies (p). Let gk and pk denote the genotypes
and allele frequencies for each of the ten experimental populations (i.e. k =
{1,2,...,9,10}). We model the experimental population sequence data in the same manner
as the source population data, specifically we define the genotype likelihood given the
data (xk) and quality scores (ek) for the experimental population k as Pr(xk | gk, ek)
following Li (72). We define a beta-binomial prior for the genotypes that reflects the
experimental design, such that Pr(sum gk | α, β) = (2 nk choose Σ gk) B(Σ gk + α, 2 nk - Σ
gk + β)/B(α, β). Here α = π * Nek and β = (1 - π) Nek, Nek is the single generation
variance effective population size in population k, and nk is the number of F1 individuals
captured in population k. Thus we model each experimental population as a WrightFisher population with Nek individuals from the source population contributing to the F1
generation, and we assume that all (or approximately all) nk individuals were sampled
from the F1 generation. A similar model has been adopted to describe population
differentiation by genetic drift in natural populations descended from a common ancestral
population (78-80).
We implemented an MCMC algorithm to obtain samples from the posterior
probability distribution of this model. We wrote the computer-based implementation of
this model using the C++ programming language and the Gnu Scientific Library (81). In
addition to the model parameters g, p, π, and Ne, we also generated samples of a derived
parameter describing the allele frequency change dpk = pk - π. Importantly the posterior
probability distribution for this parameter incorporates uncertainty in the source and
experimental population allele frequencies. We ran three independent MCMC analyses
with 15,000 iterations, a 5000 iteration burn-in, and a thinning interval of 10. We
evaluated convergence to the posterior distribution graphically and quantitatively, and
then combined the MCMC samples from the three chains for posterior inference.
We report the minor allele frequency distribution in the source population (π) in
Figure S3 (i.e., genetic variation in the 31 putative ancestors). Most of the SNPs we

analyzed had relatively high minor allele frequencies in the source population (e.g., π >
5%) and thus substantial potential to show a rapid evolutionary response. Whereas there
was some uncertainty in the source population allele frequencies, probability theory and
our empirical results indicate that the 62 gene copies we analyzed (31 diploid individuals)
provided adequate estimates of these allele frequencies (Figure S3).
We summarized the analysis of the experiment by calculating the mean allele
frequency divergence between hosts across the five, blocked population pairs for each
SNP. This was calculated as Dp
= pA − pC . Here pA and pC are the average allele
frequency change at a locus across the five experimental populations on Adenostoma or
Ceanothus relative to the ancestral allele frequencies. Thus the parameter Dp measure
how much populations transplanted to Adenostoma and Ceanothus diverged in allele
frequencies from each other and relative to the founder population. The expectation is
that parallel divergent selection between hosts would drive consistent allele frequency
divergence between hosts at a locus across populations.
We next asked whether the SNPs with the greatest parallel allele frequency
divergence between hosts during the experiment (specifically SNPs in the top 99.5th
empirical quantile of such change) mapped to parallel genetic divergence regions in the
natural population pairs based on the HMM. When SNPs in the aforementioned top 99.5th
empirical quantile from the experiment were present in both data sets (i.e., experimental
and natural populations) we simply assigned the experimental SNP the HMM state of the
actual SNP. Otherwise, we assigned the experimental SNP the HMM state of the nearest
upstream and downstream SNP, but only if these states matched each other (if the HMM
states did not match each other, the SNP was not considered further). We were thus able
to assign HMM states of low, moderate, or high divergence to 213 SNPs that were in the
top 99.5th empirical quantile for parallel allele frequency divergence between hosts
during the experiment.
We then used a permutation test to ask whether these 213 SNPs were assigned a
high HMM state between multiple (two or more) natural population pairs more often than
expected by chance. We did this by repeatedly (1000 times) sampling sets of 213 SNPs to
generate a null distribution for parallel high divergence for random sets of SNPs. The
reason we used this method of relating SNPs with the largest divergence between hosts in
the experiment to parallel HMM divergence regions in nature (rather than to the FST value
in nature of the specific SNPs themselves) is that the SNPs analysed in the experiment
were obtained from one of the eight natural populations we examined (the population
‘LA’ used to found the experiment) and were generally not variant in all of the other
seven natural populations. This means that testing if SNPs showing the strongest
experimental responses lie in the parallel HMM divergence regions is the most powerful
approach as it considers all the SNPs analysed in the experiment (rather than the subset
which are variable in all populations). Nonetheless, we checked the robustness of our
result by redoing the analysis described directly above using the subset of SNPs that were
variant in both the experiment and in each of the natural populations (n = 3654 SNPs).
We found the same result: a greater number of 99.5th quantile parallel divergent change
SNPs in the experiment have high HMM divergent states in multiple natural population

pairs than expected by chance (observed 7, expected 3, s.d. = 1.6, p < 0.05,
randomization test).
Tests for enrichment of coding regions and specific functions.
We defined a metric of parallel genetic differentiation that we used to then target
SNPs for tests of functional enrichment. To calculate this metric we first determined the
empirical FST quantile of each SNP in each population pair. We then summed these
quantiles across the four population pairs. This aspect of the metric is informative
regarding consistent high genetic differentiation between population pairs (and is the FST
metric in Table S3), but does not provide information about whether the same allele is
consistently at higher frequency in Adenostoma vs. Ceanothus-feeding natural
populations. Thus, we combined this with a quantile-based measure of allele frequency
differences by first calculating the difference in the reference allele frequency between
each Adenostoma and Ceanothus-feeding population pair. We then converted these
differences to empirical quantiles, and summed them across the four population pairs. We
folded these summed quantiles such that consistent negative or positive allele frequencies
would be equivalent (which is the allele frequency difference, i.e., AFD, metric in Table
S3). We then combined (by simply adding) these two (i.e., FST-based and AFD-based)
summed quantiles for each locus into a composite quantile score (which comprises the
‘combined’ metric in Table S3 and which is reported in the main text). This score can
range from zero to eight, where an eight would mean that the SNP was the most
differentiated between all population pairs and had the highest, consistent allele
frequency difference between all pairs. Notably, we obtained highly congruent results
using each of the three (FST, AFD, combined) metrics of parallelism (Table S3).
From all the 4,391,556 SNPs, we found that 1,202,332 were in genic regions and
351,370 were in coding regions. We assessed multiple top parallel divergent SNP
datasets under various metrics of parallelism and quantile cut-offs (Table S3). In these
datasets, the proportion of top parallel divergent SNPs in genic regions (from 20.5% to
38.6%) fluctuated around the proportion found for all SNPs (27.3%). In contrast, the
proportion of top parallel divergent SNPs found in coding regions (from 9.9% to 13.6%)
was consistently above the proportion for all SNPs (8.0%). We used a randomization
approach to test for enrichment in coding regions in the most parallel divergent SNPs. In
order to maximize statistical power, the statistical test reported in the main text concerned
the most inclusive dataset (the dataset using the combined metric and defined by the
0.0001 quantile cut-off). We used R to estimate an empirical null distribution for the
proportion of SNPs in coding regions by randomly drawing 100,000 samples from the
total distribution of SNPs. We subsequently computed the empirical cumulative
distribution and calculated the 2-tail p-value. The p-values for the different quantiles for
the combined metric varied predictably according to sample size and thus statistical
power (i.e., according to the number of SNPs in the top set, quantile = 0.00001 contains
44 SNPs, p = 0.30; quantile 0.000025 contains 110 SNPs, p = 0.14; quantile 0.00005
contains 220 SNP, p = 0.03, quantile 0.0001 contains 439 SNPs, p = 0.0008).
A similar randomization approach was followed to test for functional enrichment.
First, for each one of the SNPs, we retrieved the closest predicted gene within the same

scaffold, and collected the GO terms that mapped to the Pfam domains that matched that
gene. It is worth noting here that not all SNPs were in scaffolds harboring at least one
gene prediction, nor were all predicted genes matched by at least one Pfam domain, nor
were all Pfam motifs mapped to at least one GO term. We collected 992,768 matches to
797 unique GO terms associated with 344,433 (7.85%) SNPs. In particular, we found
499,532 matches to 394 unique molecular function terms, 148,803 matches to 106 unique
cellular component terms, and 344,433 matches to 297 unique biological process terms.
We tested for functional enrichment using the most inclusive of the top parallel divergent
SNPs datasets (quantile 0.0001 for the combined metric, see above). In this dataset, we
found 122 matches to 74 unique GO terms associated with 49 SNPs. In particular, we
found 122 matches to 33 unique molecular function terms associated with 41 SNPs (the
results reported in the main text refer to these SNPs in particular), 11 matches to 6 unique
cellular component terms associated with 9 SNPs, and 49 matches to 27 unique biological
process terms associated with 28 SNPs (Table S4). As before, we used R to calculate an
empirical null distribution for the proportion of SNPs associated with each one of the
unique GO terms. Due to low statistical power, we excluded the unique GO terms where
the number of associated SNPs was ≤ 2. Given the number of tests involved, we
calculated Bonferroni-adjusted 2-tail p-values to avoid spurious significance.
In order to further evaluate particular functions involved in parallel divergence, we
also examined the molecular function GO terms associated with the 32 HMM divergence
regions that contained the SNPs showing the strongest parallel and divergent allele
frequency change between hosts in the transplant experiment. We retrieved all genes that
overlapped these regions, and collected the molecular function GO terms that mapped to
the Pfam domains that matched those genes. We repeated this analysis for each pair of
natural populations. In total, we found 47 matches to 16 unique molecular function GO
terms. In particular, we found 11 matches to 9 unique GO terms associated with 8 genes
for HVA × HVC, 14 matches to 11 unique GO terms for 8 genes for MR1 × MR1C, 14
matches to 12 unique GO terms associated with 7 genes for R12A × R12C, and 9
matches to 9 unique GO terms associated with 9 genes for LA × PRC (Table S5). We did
not perform additional statistical tests due to the limited sample size for each GO term.
Finally, we conducted annotation and tests for functional enrichment for the highly
divergent SNPs that were non-parallel (i.e., in the tail of the empirical FST distribution
only for a single population pair). We delimited this set of SNPs such that their numbers
would be comparable to the 439 most parallel SNPs discussed in the main text (in
particular we selected the 110 SNPs or 0.0025% with the highest estimate of FST in each
population pair which gave us 440 unique SNPs, i.e., each of these SNPs had this high
level of FST in only a single population pair). These are our strongest candidates for nonparallel but highly divergent SNPs. Similarly to the top parallel SNPs datasets, a
randomization approach was followed to test for functional enrichment. As before, we
retrieved the closest predicted gene within the same scaffold, and collected the GO terms
that mapped to the Pfam domains that matched that gene. In this dataset, we found 227
matches to 78 unique GO terms associated with 58 SNPs. In particular, we found 139
matches to 41 unique molecular function terms associated with 53 SNPs, 24 matches to
10 unique cellular component terms associated with 20 SNPs, and 64 matches to 27

unique biological process terms associated with 37 SNPs (Table S6). As previously, we
calculated Bonferroni-adjusted 2-tail p-values for each unique GO term by comparing the
proportion of associated SNPs observed to the expected empirical null distribution.
Likewise, we excluded the unique GO terms where the number of associated SNPs was ≤
2.
Supplementary Text
Data and computer source code
Raw sequencing reads are available from the NCBI short read archive (BioProject
ID:PRJNA243533). Whole genome assembly and annotations can be downloaded from
http://nosil-lab.group.shef.ac.uk/resources. Additional data and computer source code
have been deposited in the Dryad repository doi:10.5061/dryad.74j0, and are also
available from the authors upon request.
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Fig. S1.
A map of the study populations (left) and the results of principal components analysis of
the whole genome re-sequencing data (right). Populations group genetically strongly
according to geography. The top left section of the right hand panel shows variance
partitioning of PC1 by geography (GEO) versus host plant (PLNT).

Fig. S2
Unrooted T. cristinae tree. a) Unrooted phylogenetic tree of 160 T. cristinae individuals.
Note strong grouping by geography (depicted by colors of branches). Only names for the
four individuals that grouped together due to a putative long-branch attraction artifact are
shown. b) Boxplot of mean neighbor-joining distances between each individual and the
rest.

Fig. S3
Summary of genetic variation. a) The minor allele frequency (maf) distribution in each
of the eight study populations (pops) examined here. Note that the individuals used in the
experimental transplant were collected from population LA. b) Genetic variation in the
31 individuals used to estimate ancestral allele frequencies in the field transplant
experiment. c) Width of the empirical 95% credible intervals (C.I.) for the allele
frequency estimates for the SNPs examined in the experiment based on the Wright-Fisher
model. d) Estimates of the expected error in allele frequency estimates based on a
binomial probability distribution given the sample size (n = 31 diploid individuals) with a
true allele frequency of 10% or 50%.

Fig. S4
Distribution of the size of HMM regions (colors are as in the main text: blue = low
differentiation regions, black = moderate differentiation regions, red/orange = high
differentiation regions). Absolute frequencies across the three categories are shown.

Fig. S5
Association between divergent SNPs and HMM divergence regions. The numbers on the
axes (from zero to four) indicate the number of times a SNP was classified as high
divergence between zero to four population pairs (y-axis) and in a HMM divergence
region between zero to four population pairs (x-axis). Shading represents the ratio of
observed values relative to that expected if divergent SNPs and HMM divergence regions
were independent from one another. Thus, darker shading represents a stronger
correspondence between divergent SNPs and HMM divergence regions. See Table S2 for
raw values and significance tests.

Fig. S6
Depiction of the experimental set-up. a) A total of 2000 T. cristinae were transplanted in
2010 to plant individuals devoid of T. cristinae, half onto Ceanothus (blue circles) and
half onto Adenostoma (orange circles), in a paired-block design (n = 200 per individual
bush). The source population was LA where T. cristinae feed on Adenostoma. A sample
of 31 individuals from the same founding population as the released individuals was
preserved (‘the ancestors’). The descendants of the released insects were collected one
generation later (2011). Numbers collected in 2011 on each experimental bush are
indicated within colored circles. b) A map of the experimental site.

Table S1.
Test for parallelism of highly divergent SNPs. Quantiles refer to the empirical FST
distribution. See also Figure 2 in the main text.

>90th quantile in 2
population pairs
>90th quantile in 3
population pairs
>90th quantile in 4
population pairs
>90th quantile in 2 or
more population pairs
>99th quantile in 2
population pairs
>99th quantile in 3
population pairs
>99th quantile in 4
population pairs
>99th quantile in 2 or
more population pairs

Observed
number of SNPs
228,347

Expected
number of SNPs
213,423

p-value
<0.001

Enrichment
(observed / expected)
1.07

22,366

15,809

<0.001

1.41

945

439

<0.001

2.15

251,658

229,671

<0.001

1.10

4757

2582

<0.001

1.84

94

17

<0.001

5.53

0

0

n/a

n/a

4851

2600

<0.001

1.87

Table S2.
Correspondence of results obtained from divergent SNPs and HMM divergence regions.
The table compares the number of times a SNP was classified as high divergence (i.e.,
above >90th empirical quantile of the FST distribution) between zero to four population
pairs (rows) and in a HMM divergence region between zero to four population pairs
(columns). Shown are observed numbers, followed in parentheses by the numbers
expected if SNP and HMM region results were independent from one another. Observed
values significantly greater than expected at p < 0.001 are denoted in bold font. Note the
significant results along the diagonal indicating parallel divergence SNPs tend to be in
parallel HMM divergence regions more often than expected by chance. See also Figure
S5.

Number of times a SNP
was classified as high FST
divergence
between population pairs
(0-4)

Number of times a SNP was in a HMM divergence region
between population pairs (0-4)
0
1
2
3
4
0

1,508,297
(1,349,886)

461,752
(569,965)

61,859
(105,894)

4517
(10,372)

131
(438)

1

1,082,443
(1,145,473)
284,357
(360,480)
34,086
(51,748)
1663
(3259)

536,086
(483,655)
198,846
(152,206)
30,404
(21,850)
1964
(1376)

100,128
(89,859)
54,004
(28,279)
11,334
(4059)
1022
(256)

9163
(8801)
6334
(2770)
2109
(398)
243
(25)

341
(372)
310
(117)
138
(17)
25
(1)

2
3
4

Table S3.
Parallel divergence SNPs in coding sequences of genes. Numbers of SNPs found in genic
regions (ngene) and in coding sequence regions (ncds) for the most parallel SNPs under
various metrics of parallelism and for various quantile cut-offs, and the same information
for all SNPs and the genome as a whole (for the latter, the numbers represent bp, not
SNPs).
set
most parallel SNPs
AFD Quantile = 0.00001
AFD Quantile = 0.000025
AFD Quantile = 0.00005
AFD Quantile = 0.0001
FST Quantile = 0.00001
FST Quantile = 0.000025
FST Quantile = 0.00005
FST Quantile = 0.0001
Combined Quantile = 0.00001
Combined Quantile = 0.000025
Combined Quantile = 0.00005

ntotal

ngene

ncds

44
110
220
439
44
110
220
439
44
110
220

10
32
54
111
17
38
70
138
9
30
61

4
15
25
44
5
12
21
47
5
13
27

Combined Quantile = 0.0001
all SNPs
genome as a whole

439
4,391,556
844,841,299

122
1,174,046
190,238,410

56
361,388
32,233,651

Table S4.
Gene ontology (GO) terms for parallel divergence SNPs (0.001 quantile of the combined
metric of parallelism). Annotations are based on the nearest gene to each parallel
divergence SNP, with the requirement that the nearest gene is on the same scaffold as
each focal SNP. Several GO terms can map to the same gene and therefore the sum of
SNPs that match to each GO term shown here (122 for molecular function, 11 for cellular
component, and 49 for biological process) is higher than the number of SNPs associated
with at least one GO term (41 for molecular function, 9 for cellular component and 28 for
biological process). Statistically enriched functions (p < 0.05 after correction for multiple
comparisons) are shown in bold italics (only tested for functions represented by >2
SNPs).
Number
of SNPs

GO

Molecular function (41 SNPs)
24
GO:0005515
20
GO:0046872
13
GO:0005509
10
GO:0005524
6
GO:0003677
5
GO:0016491
4
GO:0003824
4
GO:0005525
3
GO:0003676
2
GO:0003924
2
GO:0003887
2
GO:0004550
2
GO:0004553
2
GO:0016887
2
GO:0016616
2
2
2
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

GO:0043169
GO:0008270
GO:0042626
GO:0016791
GO:0004334
GO:0004672
GO:0004812
GO:0000166
GO:0001104
GO:0003964
GO:0046873
GO:0016301
GO:0004221
GO:0003777
GO:0003678
GO:0003723
GO:0048037
GO:0051287

Cellular component (9 SNPs)

Function

protein binding
metal ion binding
calcium ion binding
ATP binding
DNA binding
oxidoreductase activity
catalytic activity
GTP binding
nucleic acid binding
GTPase activity
DNA-directed DNA polymerase activity
nucleoside diphosphate kinase activity
hydrolase activity, hydrolyzing O-glycosyl compounds
ATPase activity
oxidoreductase activity, acting on the CH-OH group of donors, NAD or NADP as
acceptor
cation binding
zinc ion binding
ATPase activity, coupled to transmembrane movement of substances
phosphatase activity
fumarylacetoacetase activity
protein kinase activity
aminoacyl-tRNA ligase activity
nucleotide binding
RNA polymerase II transcription cofactor activity
RNA-directed DNA polymerase activity
metal ion transmembrane transporter activity
kinase activity
ubiquitin thiolesterase activity
microtubule motor activity
DNA helicase activity
RNA binding
cofactor binding
NAD binding

6
1
1
1
1
1

GO:0016021
GO:0016020
GO:0005643
GO:0030286
GO:0005634
GO:0016592

Biological process (28 SNPs)
7
GO:0055085
4
GO:0008152
4
GO:0055114
3
GO:0005975
2
GO:0006165
2
GO:0007165
2
GO:0006520
2
GO:0006183
2
GO:0006810
2
GO:0006228
2
GO:0006260
2
GO:0006241
1
GO:0006418
1
GO:0009072
1
GO:0006511
1
GO:0007264
1
GO:0030001
1
GO:0016973
1
GO:0044267
1
GO:0006468
1
GO:0005976
1
GO:0015074
1
GO:0006357
1
GO:0007018
1
GO:0006281
1
GO:0006278
1
GO:0000723

integral to membrane
membrane
nuclear pore
dynein complex
nucleus
mediator complex

transmembrane transport
metabolic process
oxidation-reduction process
carbohydrate metabolic process
nucleoside diphosphate phosphorylation
signal transduction
cellular amino acid metabolic process
GTP biosynthetic process
transport
UTP biosynthetic process
DNA replication
CTP biosynthetic process
tRNA aminoacylation for protein translation
aromatic amino acid family metabolic process
ubiquitin-dependent protein catabolic process
small GTPase mediated signal transduction
metal ion transport
poly(A)+ mRNA export from nucleus
cellular protein metabolic process
protein phosphorylation
polysaccharide metabolic process
DNA integration
regulation of transcription from RNA polymerase II promoter
microtubule-based movement
DNA repair
RNA-dependent DNA replication
telomere maintenance

Table S5.
Molecular function gene ontology (GO) terms for the 32 HMM divergence regions that
were significantly enriched in the SNPs showing the strongest parallel and divergent
allele frequency change between hosts in the transplant experiment. Annotations are
based on all the genes that overlap the 32 HMM divergence regions. Several GO terms
can map to the same gene and therefore the sum of genes that match each GO term
shown here (11 for HVA × HVC, 14 for MR1A × MR1C, 14 for R12A × R12C, and 9 for
LA × PRC) can be higher than the number of genes associated with at least one GO term
(8 for HVA × HVC, 8 for MR1A × MR1C, 7 for R12A × R12C, and 9 for LA × PRC).

GO
GO:0005524

Molecular function
ATP binding

Total
7

Number of genes
HVA MR1A R12A
×
×
×
HVC MR1C R12C
2
3
2

GO:0016301

kinase activity

6

2

2

2

0

GO:0008234

4

1

1

1

1

GO:0015078

cysteine-type peptidase activity
hydrogen ion transmembrane transporter
activity

4

1

1

1

1

GO:0003735

structural constituent of ribosome

4

1

1

1

1

GO:0005509

calcium ion binding

4

1

1

1

1

GO:0005215

transporter activity

4

1

1

1

1

GO:0046983

protein dimerization activity

3

1

1

0

1

GO:0042302

structural constituent of cuticle

2

0

1

1

1

GO:0008199

ferric iron binding

2

0

1

0

1

GO:0005525

GTP binding

2

0

0

1

1

GO:0003677

DNA binding

1

1

0

0

0

GO:0004672

protein kinase activity

1

0

1

0

0

GO:0005506

iron ion binding

1

0

0

1

0

GO:0016491

oxidoreductase activity

1

0

0

1

0

GO:0003824

catalytic activity

1

0

0

1

0

LA
×
PRC
0

Table S6.
Gene ontology (GO) terms for divergent SNPs restricted to a single population pair (i.e.,
non-parallel divergence SNPs). Annotations are based on the nearest gene to each parallel
divergence SNP, with the requirement that the nearest gene is on the same scaffold as
each focal SNP. Several GO terms can map to the same gene and therefore the sum of
SNPs that match to each GO term shown here (139 for molecular function, 24 for cellular
component, and 64 for biological process) is higher than the number of SNPs associated
with at least one GO term (53 for molecular function, 20 for cellular component and 37
for biological process). Statistically enriched functions (p < 0.05 after correction for
multiple comparisons) are shown in bold italics (only tested for functions represented by
>2 SNPs).
Number of SNPs

GO

Molecular function (53 SNPs)
38
GO:0005515

Function

protein binding

12
8

GO:0008270
GO:0005524

zinc ion binding
ATP binding

6

GO:0004812

aminoacyl-tRNA ligase activity

6
6

GO:0043565
GO:0003700

sequence-specific DNA binding
sequence-specific DNA binding transcription factor activity

5

GO:0003964

RNA-directed DNA polymerase activity

5

GO:0003723

RNA binding

4

GO:0003677

DNA binding

4

GO:0000166

nucleotide binding

4

GO:0005509

calcium ion binding

4

GO:0016787

hydrolase activity

3

GO:0003824

catalytic activity

2

GO:0008237

metallopeptidase activity

2

GO:0003676

nucleic acid binding

2

GO:0004842

ubiquitin-protein ligase activity

2

GO:0005507

copper ion binding

2

GO:0003916

DNA topoisomerase activity

2

GO:0046872

metal ion binding

1

GO:0031683

G-protein beta/gamma-subunit complex binding

1

GO:0004672

protein kinase activity

1

GO:0004871

signal transducer activity

1

GO:0003735

structural constituent of ribosome

1

GO:0004827

proline-tRNA ligase activity

1

GO:0016746

transferase activity, transferring acyl groups

1

GO:0003924

GTPase activity

1

GO:0003887

DNA-directed DNA polymerase activity

1

GO:0004970

ionotropic glutamate receptor activity

1

GO:0042302

structural constituent of cuticle

1

GO:0008408

3'-5' exonuclease activity

1

GO:0008061

chitin binding

1

GO:0015116

sulfate transmembrane transporter activity

1

GO:0005234

extracellular-glutamate-gated ion channel activity

1

GO:0016491

oxidoreductase activity

1

GO:0005086

ARF guanyl-nucleotide exchange factor activity

1

GO:0046983

protein dimerization activity

1

GO:0046873

metal ion transmembrane transporter activity

1

GO:0019001

guanyl nucleotide binding

1

GO:0003678

DNA helicase activity

1

GO:0005215

transporter activity

1

GO:0004930

G-protein coupled receptor activity

Cellular component (20 SNPs)
8

GO:0016020

membrane

7
2

GO:0005634
GO:0016021

nucleus
integral component of membrane

1

GO:0005737

cytoplasm

1

GO:0005840

ribosome

1

GO:0000922

spindle pole

1

GO:0005576

extracellular region

1

GO:0005815

microtubule organizing center

1

GO:0005694

chromosome

1

GO:0032040

small-subunit processome

Biological process (37 SNPs)
6
6

GO:0006418
GO:0006355

tRNA aminoacylation for protein translation
regulation of transcription, DNA-templated

5

GO:0008152

metabolic process

5

GO:0006278

RNA-dependent DNA replication

4
4

GO:0046080
GO:0007156

dUTP metabolic process
homophilic cell adhesion

4

GO:0015074

DNA integration

2

GO:0006265

DNA topological change

2

GO:0006457

protein folding

2

GO:0007186

G-protein coupled receptor signaling pathway

1

GO:0006412

translation

1

GO:0006030

chitin metabolic process

1

GO:0055114

oxidation-reduction process

1

GO:0006810

transport

1

GO:0000226

microtubule cytoskeleton organization

1

GO:0006260

DNA replication

1

GO:0030001

metal ion transport

1

GO:0008272

sulfate transport

1

GO:0006468

protein phosphorylation

1

GO:0006433

prolyl-tRNA aminoacylation

1

GO:0055085

transmembrane transport

1

GO:0006281

DNA repair

1

GO:0032012

regulation of ARF protein signal transduction

1

GO:0000723

telomere maintenance

