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ABSTRACT

Understanding the factors that precipitate a successful colonization of a new
geographic region is aagjor goal in both ecology and evolution. In ohyctoral thesis, |
examineckevolutionary patterns (Ch. 2), ecological patterns (Ch. 3), ané\ealationary
processes (Ch. 4 & 5) associated with the invasion of a hegliing, annual grass,

Avena barbat&ott ex Link into California from the Mediterranean Basin.

Because colonizing populationgyexperience severe genetic bottlenecks,
multiple introductions of different genetic variants may be an important source of
variation facilitating adajtion to the novel habitat. In the second chapter of my thesis, |
showthatthere have been at least thieteoductions ofA. barbatainto California, and
that substantial spatiadixing has occurred betwe&aplotypes within populations in
California. Thee was also evidence of population structure due to a-sotith cline.

Although niche overlap between the endemic and novel habitat may facilitate
biological invasions, niche shifts may also occur during invasion. In the third chapter, a
species distribiion model (SDM) was employed to characterize and compare the niches
in the Iberian Peninsula (home rangedobarbatg to niches in California (invaded
range). Nche separatiowasobserved between the two geographic regions, suggesting
thatA. barbataoccupies a different environment in California and may be evolving.

Traits with a known genetic basis may prove useful in tracking contemporary
evolutionary change and provide insights on adaptive versus neutral processes. In the
fourth chapter, | compad the contemporary frequency of two binary, heritable
characters: lemma color and leaf sheath pubescence to that reported in past studies from
the 1970sDue to natural selectiohfound that light lemma color and leaf sheath
pubescace had increased frequency.

Although intuition suggests that large plants should be at a selective advantage
within populations, recent discussion in the literature suggests the opposite. The idea that
small plants with lower total fecundity may be selectively favouredradicts basic
Fisherian principles. In the fifth chapter, using a simulation and field dataXrom
barbatarecombinant inbred lines (RILs), | show that individuals with large body size are
always favored.
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Chapter 1  Introduction

1.1Introduction

Studying biological invasions provides unique insight into processes that contribute to
contemporary evolution in the wild. Identifying the factors that underlie successful
colonization and spread is challenging because it requires undemgtaidultaneously

the ecological and genetic factors that facilitate or inhibit adaptation and/or population
persistence. First, investigators must grapple with whether the newly invaded range is
also a novel environment. A novel environment may exermifft selective pressures

(both abiotic and biotic) than those in the native environment, which may result in a niche
shift for the invasive speci€Broennimanret al.2007) Second, if species are invading a
new geographic range and/or environment, they may bstreamed by the amount of
adaptive genetic variation at their disposal due to genetic bottlenecks founding population
size and genetic bottlenecidlugosch & Parker 2008; Prents al. 2008)

Recombination between multiple genotypéshe same specié€hunet al.
2009)or hybridization with native speci¢Baehler & Strong 199#nay allow invaders
to generate novel genetic combinations that may combat potential founder effects and
may ultimately contribute to invasiveng&dlstrand & Schierenbeck 20Q0daptive
evolutionary change is likely to occur in a novel geographic range, if that novel range is
alsoa novel environment.

A species colonizing a new geographic range may be more successful at
persisting in the invaded range if the invaded environment overlaps substantially with the
native environment. Similar environments between ranges indicate niati@omeniche
conservatisnfGuisanet al.2014) For invasive plants, niche conservatism (at least with
respect to climate variables) is regularly obser{Bdterson 2011; Petitpiere¢ al.2012)
andmay be a one of the reasons for the apparent success of certain invasive species.
Similarity in ecological niches between native and introduced ranges may also reduce the
necessity of generating novel genetic variants that wouldtéeibnd speed adapion.
Speculativelyniche overlap may be of greater importance than adaptive genetic variation
in determining the success of invasive Seftilizing species, whose effective
recombination rate is much reduced relative to outcrossing sfj€tiadesworth &

Wright 2001)



1.2 Historical background of the study system
Californian populations oAvena barbatdott ex Linkare a storiedystem of
molecular ecology having first been brought to attention by the working group of R.W.
Allard at UC Dauvis in the 19605980s.Avena barbatgopulations in California were
among tke first wild organisms to have their genetic variation screenedftitite of the
arto genetic markers at the timallozymes. Large geographic surveys of the siaieg
five allozyme loci revealed theccurrence ofargelytwo mornomorphic genotypes .
barbata with few recombinants detectdeurther these two genotypes were termed
Omesi c 6 adnedc ot xyepreisco6 because of their purport
environmentat both macre(Clegg & Allard 1972) and micrkqHamrick & Allard
1972) geographic scalednder the assumption that the populations were at migration
selection equilibriumthe system wasegarded as an example of local adaptation and
divergent selection on eadapted genotypes throughout the 196880s (Allad et al.
1972 Clegg & Allard.
The suspected origin and colonization history of the ecotypes to California is
sketchy, at best. It is thought that the oats were introduced during the Spanish Missionary
period in the late 1700s and early 1800s (Minnich 2008k possibly a second
introduction having expanded in the 1890s (Blumler 20@0@nse arveys ofindividuals
in the Mediterranean Basin (namdéfgm Spanish populations in the Iberian Peninsula)
revealed that the two ecotypes were each composed of adesllxset of alleles than
those found in Spain (Garcia et al. 1989; Pérez de la Vega et al. 1993), and Clegg &
Allard (1972) speculate that the ecotypes in California are the result of selection against
sever al i ntroducti ons itdrraneanBasih.e oO6r i ch f |l or ad
Theoriginal conclusion of local agéationfrom the 1970snay have been
premature and some experiments fromohAll ardds grc
genotypes may have been indicative only of population stru@tutehinson 1982)An
association of genotypes with particular environments may simply indicate population
structure due toeutral evolutionary processg®t necessarily mutually exclusive ones
either), i.e. different timing of multiple introductions, asymmetric migratiareeding
and genetic driftAt least one past study in the 1970s indicates that mesic genotypes had

higher fitness (although not significantly different) than the xeric genotypes in a common



garden experimerfHamrick & Allard 1975) Another attempat wlonizationand a
common garden experiment attemptedlarify the role of selection of the two
genotypes to their respective environmehtgshowed little evidence of adaptif@ces
shaping the distributioaf the monomorphic genotypé3ain & Rai 1980).

More recent experimental work using reciprocal transplant common gardens of
the original allozyme genotypes indicates that the original conclusion of local adaptation
was erroneous (Latta 2009), and that the mesic genotype was consistently and
significantly more fit than the xeric across years and environments (Latta 2009). Thus,
the results from this experiment predict that the mesic genotype ought to be favoured by
natural selection in the field (Latta 2009).

Conveniently, mesic and xeriegotypesarelargely associated with two
morphological truébreeding heritable characters: leaf sheath pubescence/glabrousness
andlight or darklemma color (Miller 1977)The mesic genotype is associated with
pubescence and light lemma; the xeric genoty@esociated with glabrous leaf sheath
and dark lemmarheamount of genotypic frequency data these morphological
markerscollected statewidat over 100 populatioria the form of dissertations in the
197G makes this system a rare opportunity togtadaptive evolutionary change in the
wild, with aclear prediction from a mulfearcommon garden reciprocal transplant

experiment (Latta 2009

1.3Thesis objectives

The main goa of mythesis havéeen tasolate the number of introductions of
the Californian invasive, annual, tetraploid, grAssna barbatacharacterize the
climatic environmental differences between the native and home @mdgy/aluate
whetherthere has beervolutionary changi the two heritable characters (mentioned
albove)since the 1970s.

Specifically, in my thesis | sought to: ascertain the number of introductions to
California and genomic/ploidy changes that may have occurred since arriving in that
range (Chapter 2), evaluate the degree of environmental/nichepvsriseparation
between the native and introduced range (Chapter 3), assess whether there has been

contemporary evolution and recombination in two heritable traits in California over the



past 40 years (Chapter 4), and assess selection for genotypeeaiizarin the field
(Chapter 5).

Chapter 2:Evolving California genotypes of\vena barbataare derived from multiple

introductions

Genetic bottlenecks occurring following colonization or at the edges of a range
expansion may inhibit the persistenceadpecies in new habit@olauttiet al. 2010)
Assessing the number of different genetic variants in a new geographic range is a crucial
first step to evaluating the amount of genetic variation available for evolutionary change.
To this end, | quantified the number of maternal introductions dbfbatato California
using cpDNA, and phylogenetically placed these introductions with context within the
larger Old WorldAvenaspecies complex. Ploidy and genome size changes were
investigated using flow cytometry. | also evaluated clinal population steuof cpDNA
Californian haplotypes. T.O. Stokes (an undergraduate student in our lab) performed
single strand conformational polymorphism (SSCP) analysis and R.G. Latta assisted in
the manuscript preparation. This work has been accepted for publicaiesrih

(forthcoming).

Chapter 3: Gaussian Random Fields: Using a novel SDM technique that incorporates
uncertainty to describe a niche shift from Iberia to California

My third chapter attempted to ascertain whether there was evidence to support the
hypottesis that California (as a newly colonized geographic range) is also a novel niche,
and whether evolution in this new niche has occurred (Chajptsetbelow). Most
studies attempting to isolate niche shifts have tended to focus on climatic variables
(beause these data are readily and publicly available), and many climate variables are
convergent across continents, e.g. Mediterranean climate(&plesrly 2009) Niche
conservatism may be observed due the current limitations with respect to occurrence data
and statistical techniqué¢Beterson 2011Niche conservatism vs. niche shiftsAn
barbatawere evaluated in Iberia and California using data from GBIF, ptusrdoer of
other databases, and from our own geographstireey in 2010. Niche shifts were

evaluated using a new technique for species distribution model (S@dyssian

4



random fields (GRF|Golding 2013}hat incorporates uncertainty and sequentially

orders importance of environmental variables.

Chapter 4:Contemporary evolutiorover 40 generations in an invasive annual grass

It is rare to have access to historical data with information on genotype frequency
across a large geographic range. In my fourth chapter, | coupled data collected from
geographic sumys ofA. barbatain the 1970s to a survey conducted by our lab in 2010
to evaluate how the frequency of two heritable characters have changed over the past 40
years across over 100 populations throughout California. | focused specifically on the
change in two heritable mghological characters, light lemma color and leaf sheath
pubescence, which were predicted to be increasing in frequency from past observations
made from a previous common garden experir(leaitta 2009) The underlying model of
inheritance of these characters was investigated using a genetic map constructed from
combined marker data of genotypg-sequene (GBS) and amplified fragment length
polymorphic (AFLP) markers. These markers were used to ascertain QTL in previously
developed recombinant inbred lines (RILsPobarbata | also assessed whether
occasional recombination and drift as opposed to ts@temight be responsible for
contemporary evolutionary change in California. Latta and Gardner (unpub) recorded
data for one of the charactértéeaf sheath pubescence from previous experiments. AFLP
marker data is froniGardner & Latta 2006)and GBS marks were assayed by Latta
(unpub). The goal of this chapter was to assess whether adaptive evolutionary change had

occurred in California.

Chapter 5:A refutation of the reproductive economy hypothesis

It has been recently suggested in the literaturentivae offspring in total come
from parents of small size as opposed to large(diaessen 2007; Neytcheva & Aarssen
2008; Chambers & Aarssen 200Blpwever, this reasongnis countedfintuitive because
of strong positive correlations between fithess and large body size in plants. Using data
from recombinant inbred lines (RILs) from a common garden field experiment conducted

by R.G. Latta, and simulations | wrote and caroetlR, | found that large plants



consistently contribute more offspring per capita and are thus favoured by selection. This

study was published iBvolutionary EcologyCrosby & Latta 2013)
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Chapter 2  Evolving California genotypes ofAvena barbataare derived from
multiple introductions but still maintain substantial population structure

2.1 Abstract

Multiple introductions are thought to enhance the chance of successful colonization, in
part because recombination may generate adaptive variation to a new enviréveeat.
barbata(slender wild oat) is a successful colonist in California, past notestriking

genetic divergence into two multilocus genotypes, but is still undergoing adaptive
change. | sought to understand whether multiple introductions might be contributing to
this change. | used cpDNA phylogeographyAobarbatawithin its home rangand in

its invaded range in California to determine the minimum number of separate
introductions, and the spatial distribution of these introduced lineages. Our lab collected
from sites throughout the state of California, where it is an invasive sp&cessions

from a representative portion Afbarbated s f ul | nati ve range were
germplasm repositories. | sequenced seven intergenic chloroplast DNA loci fé. both
barbataindividuals in California (novel geographic range) and its ancesinge. 204
individuals were assayed for chloroplast haplotype within California using single strand
conformational polymorphism SSCPs. Genome size was determined by flow cytometry.
Californian accessions are tetraploid as expected, but their genomeesieesnaller

than the Old World accessions. There were three haplotypes present in California that
were identical to haplotypes in the native range. Within California, the presence of
multiple haplotypes at a site was observed primarily in Northern anlaCpapulations.
Between populations there was still substantial structure witk B.33, due to a shallow
latitudinal cline caused by a preponderance of xeric haplotypes in Southern California.
There was a minimum of three seed introductions to CaldoRecombination is thus

likely to occur, and contribute to adaptation in new range in this hggifing, invader.

2.2 Introduction
Introduced and invasive species are likely to have to adapt to novel conditions

(Dlugosch & Parker 2008; Prengs al.2008) and the first requirement of adaptation is
access to pool of genetic variation. The pool of adaptive genetic variation can be
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increased through introductions from multiple sources. Typically, adaptive genetic
variation is much reduced the new range compareal the home rangasmany

invasive species reproduce primarily via selfing or are facultatively asexual during
colonizaton of the new rangé@aker 1955; 1967; Price & Jain 1981; Barrett & Colautti
2008) During invasions, the main advantage of selfing is that individuals need not
depend on pollinators or other conspecifics to pollinate with, for persistence or spread.
Indeed, inselfing or clonal species, one or a few introductions could be enough to allow
for successful establishment and persister&n on a global sca{ee Rouxet al.

2007) By contrast, outcrossing species generate new multilocus genotypes with each
round of outcrossing, provided that enough individuals of different genotypes have been
introduced that mates are available and to avoid inbreeding depression.

Self-fertilizing species typically suffer less from the effects of inbreeding
depression than outcrossé@risband & Schemske 199@®ut they may still require
adaptive genetic variation in order to respond to novel environmental conditions. It has
been suggested that, multiple introductions of differenegc variants allow selfing
species the opportunity for occasional outcrossing and recombination in new
environmentgEllstrand & Schierenbeck 2000; Schierenbeck & Ellstrand 2009)
Assessing the minimum number of introductiona imew environment is thus critical to
evaluating how important the amount of genetic variation may be fefesglizing
species in the new range, which will ultimately determine how much effective
recombination is possible in the new range.

Californianpopulations of the hightgelfing(Marshall & Allard 1970)
autotetraploiqHutchinson et al. 1983jnvasive annuajrass Avena barbatdott ex
Link are thought to have been introduced from the Iberian Peairsugihly two
centuries ago during Spanish colonizatfdain & Marshall 1967; Garciet al. 1989)

Avena barbatdbecame widely known for a number of pioneering observatiorsein t
1970s(Clegg & Allard 1972; Allarcet al. 1972; Hamrick & Holden 1979¥hich found

that there were predominantly two multilocus genotypes. dfarbatain California. Each
genotype was nmomorphic for a set of five allozyme loci, and few recombinants were
found. One genotype was found in moist environments, while the other occurred in more
arid environments, a pattern repeated at both EZteyg & Allard 1972; Allarcet al.



1972)andsmall geographic sca(glamrick & Holden 1979) leading to the interpretation
that these represented |l ocally adapted
combinations characteristic of the original Californian genotypes were not found in
native Iberian population&arcia et al. 1989)rhis suggests that recombination among
separate genotypes was part of the evolutionary histoky ldrbatain California.

Past experimental work in which a novel environment was imposed in the
greenhouse demonstrated tretombination between the two genotypes produced a few
hybrid recombinants that were more fit than the par@aisanseiMorris & Latta 2006;
2008) Additionally, a previous fouyear field common garden, recipeddransplant
experiment of parental genotypes to wet and dry environments found that the mesic
genotype and a few recombinants are consistently more fit than th¢begtac2009)

Thus, the mesic could be displacing the xeric genotype, or a recombinant could be
displacing both as the prominent genotype throughout California. Collectively, this
evidene does not support the idea that the two genotypes are locally adapted to moist
and arid environments as All ardbés wor Kk
6xericd here), but rather that adaptive
continuing evolution could be due to recombination between several different genetic
variants as demonstrated by Johariglenris & Latta (2006; 2008) and/or the superior
fitness of one lineage (likely the mes{tatta 2009)

Botanical records from the past cannot pinpointetkeect number of
introductionsand there has beemly conjecture that there may have been a second
introduction of the mesic genotype (Blumler 2000; Minnich 2@3&everal
introductions to California (Clegg & Allard 1972)hus, he first step in assessing the
role of intermixing and recombinationtis determine the minimum number of

introductions to Californiaral their spatial distributiori.constructed a cpDNA

O mesi

sugge
c han

phylogeny of accessions from acréssarbatd s nati ve range as wel |l

range in California to determine the minimum numbeantbductions to California. In

most plants, organelle genomes of both the chloroplast and mitochondrion are maternally

inherited(Corriveau & Coleman 1988; Zhawg al. 2003) and provide a useful trace of

seed introduction during colonizatidrhypothesize that the mesic and xeric genotypes

are the result of at least two separate seed (maternal) introductions to California from the
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native range. | sought to characterize the geographic distribution and the degree of spatial
overlap of these inbductions within California. Aé. barbatais highly selfing, pollen
movement is limited and recombination is restricted until a new genotype arrives in the
population via seed (maternal) gene flow. Limited seed migration would tend to restrict
levels ofspatial intermixing, and | expected that for a selfing species most genetic
diversity would occur amongstather than within populatior{glamrick & Godt 1996)

A wider panel of individuals across Califormas assayedhese wersampled from

both within and amongst populations to assess the validity of this expectation. Future
studies using nuclear loci will examine the degree of recombination among genotypes in
California. In order to rule out novel polyploid formatimnan invader (often a result of
hybridization(Novaket al. 1991; Daehle& Strong 1997), | estimated the ploidy of a
subset of accessions from both ranges using flow cytometry. As a cpDNA phylogeny of
most of the species in the gergenais available (based on the traf/trn~R intergenic
region- (Peng et al. 201Q)I placed a root to our own cpDNA tree with a direct

comparison of chloroplaNA sequence data and ploidy estimates.

2.3 Methods
2.3.1 Source of material

Old World accessions &. barbatawer e donated by Agricul tur
Genome Resources of Canada (PGRC) germplasm station in Saskatoon, Saskatchewan,
Canada, and the USDA National Small Grains Collection (NSGC) in Aberdeen, Idaho,
USA. | attempted to obtain accessions from ackoss b a r range imttie ©ld World,
but with particular emphasis on the Iberian Peninsula (Spain and Portugal) as this is
thought to be the origin of Californiak barbata(Jain & Marshall 1967; Garciet al.
1989; Minnich 2008)0Official repository accession names, our own sample code names,
GenBank accession numbers along with sampling locations and other information are
given insupplementary material tie forthcoming publicatian

In May 2010, our lab carried out an extensive geographic sursylzrbata
sites in California, USA. Our lab collected seeds from 95 sites matching locations
described in three dissertations (Clegg 1972; Miller 1977; Hwgohii982) that studied

all ozyme variation in the 19706s. These site
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conditions forA. barbata and will be used for future studies comparing present day to

past genotypic composition. | walked -53netres between eatfdividual at a

collection site to avoid sampling close relatives. In addition, | included in the analysis the
mesic and xeric accessions used by Gardner and Latta (2006) to create a genetic mapping
population ofA. barbatai these seeds were kindly progdiby P. Garcia from

coll ections made in California during the
using the original set of five allozyme Idtiattaet al.2004) Seeds were germinated

folowi ng our | ab 0 Latmeéet al.2004) and thgnmplanted io thd

greenhouse at Dalhousie University. Californian populations were grown in June 2010

and June 2011, while seeds from gpelasm repositories were grown in June 2011 and

June 2012.

2.3.2 Ploidy assessment

Forty-eight accessions from the Old World, and 24 Californian individuals were
assayed for ploidy via flow cytometry. Flow cytometry was performed with a BD
FACSCalibur flav cytometer at the University of Guelph, Ontario, Canada with
CellQuest Pro software (BD Biosciences, San José, USA). All assays came from fresh
leaf tissue harvested from young plants-200cms in heightirom the greenhouse at
Dalhousie Universitandwereshipped to Guelph in moist paper tow&ample
preparation was modi fied slightI| yThé rom a

109

pr e

DNA content standard used wdiia faba(26.90 pg/2CYDo | egel et al . 1992)

Approximately0.5 cnf of V. fabaand 1.2 crhof A. barbatawere chopped with a razor

blade, and sat in cold extraction buffer for staining (@0nl propidium iodide and 50

ng/ml RNAsei in this study LBO1 bufferwasusédDo | e g el @&heFlalpeak 2007) ) .

analysis program was used to infer ploidy from 2C DNA content measurements of each
individual against the DNA content standard. To examine whether there was any
difference in DNA content (pg/2C) between California #melOld World, | performed a
oneway two-sample randomization test based on 1000 M@Q@ado resamplings of the

approximate distribution using thepackaggp c oi né ( Hot horn et al

12
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2.3.3 Chloroplast DNA variation

To create the phylogeny, | obtathepDNA sequences from 49 Old world and 32
Californian accessions, which included two Mesic and two Xeric standards (the parents
of the mapping population described in Latta et al. (2004)). | chose California sites that
formed NorthSouth and EastVest transects by choosing at least one accession from
sites previously sampled by Clegg (1972) and Hutchinson (1982). DNA extraction was
carried out from leaf tissue following a slightly modified protocol of plant DNA
extraction(Dellaport et al. 1983)I also employed an expedient protocol optimized for
seedglvanova et al. 200&pr 10 samples.

| used seven previously described primer pdtisert & Peakall 2009)Taberlet et
al. (1991) for the large single copy (LSC) region of the chloroplast (Table 2.1). All PCR
products were visualized on a 1.5% agarose TAE gel run at 60mA, 100V for
approximately 1.5 hours. Sanger cyskruencig reactions for PCR products with
single, clear bands were carried out by MacrogenUSA Inc. For each primer pair, | used
only the forward primer for sequencing, with the exception of the EftriL-R
fragment, which was hiirectionally sequenced. To imfa root for our final phylogeny |
screened one individual from each cpDNA haplotype usingfftin~R (Taberlet et al.

A

1991), and compared this to P&vega et al . 0s
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(2



Table 2.1 Intergenic locus region target, the prip@er (as given in reference), the

number of SNPs for each locus, and the length of the fragment uploaded to GenBank.

Sequencing primers are underlined. The eighth and last intergenic locus (trnL (UAA)
36exon) is italicized playpes anomrgadcessiomdfrpm scr eene
our dataset to ascertain the root of our s®@e supplementary material (forthcoming

publication)

Intergenic Primer Pair Number Length of Reference

regions of fragment in A.

targeted variable barbatgbp)

characters

trnQ (UUG) ANU11-L/ANU-12R 5 408 (Ebert & Peakall

T psbK 2009)

atpB 1 rbcL* ANUG67-L/ANU6GS-R, 7 901 (Ebert & Peakall
2009)

psal - ycf4*  ANU73-L/ANU74-R 3 356 (Ebert & Peakall
2009)

psaJi rpl33  ANU83-L/ANU84-R 1 221 (Ebert & Peakall
2009)

rpl33 1 rps1l8 ANUS8S5-L/ANU8B6-R 4 595 (Ebert & Peakall
2009)

trnT (UGU)  trnT-F/trnL-R 4 510 (Taberlet et al.
1991)

trnL (UAA) trnT-FArnL-R 4 259 (Taberlet et al.

56exo0on 1991)

trnL (UAA) trnL-F/tirnF-R 3 730 (Taberlet et al.

36exon 1991)

*These loci were used in SSCP analysis

To assesthe distribution of haplotypes in the introduced range, screening was
expanded to more accessions within California, using single strand conformational
polymorphism (SSCP). SSCPs are an efficient, andeftetive method for screening
many samples that isolate single nucleotide polymorphisms (fSBs$er et al. 2007)
SSCPs were used for two chloroplast intergenic regions that displayed variation within
California. Two Cafornian haplotypes were separated by a SNP at the intergenic region
spanningatpBandrbcL. A third Californian haplotype differed from the first two at
several loci of which an indel was screened for the intergenic region bgtaaiemd
ycfd. Double rstriction digests of locuatpB-rbcL amplicons, withHpall andRsal and
of locuspsalycf4with SsplandAlul. These enzymes were chosen from the chloroplast
sequence data to isolate the SNP and indel into smaller fragments conducive to SSCP

assays. The@dgments from double digests were denatured for 10 minutes at 9%
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frozen, andun on nordenaturing polyacrylamide gels for 17.5 hours at 502 V, 14 mA,
and a constant wattage of 8W. | attempted to scredhdccessions from sites that had at
leastone individual sequenced for chloroplast loci, and one accession at each of the
remaning 71sites. This twdevel sampling scheme allowed us to evaluate the potential
of admixture within sites, and also broad population structure between sites in @Galiforn
In total, 204 samples were screened for SSCPs. All of the Californian accessions for
which there was already chloroplast sequence data available were also assayed with
SSCPs, and the accuracy of SSCP was confirmed for relevarsigaplémentary

Mateiials in publicationl & 2).

2.3.4 Analysis

Trace files for each chloroplast locus were imported to Geneious v. 5.4.4, and
aligned with each other using the MUSCLE algorithm within Geneious, default settings,
and confirmed by eye. Traces with QV scoreOw2re discarded and not used in further
analyses. Every character change (SNP or single indel) for each chloroplast locus was
treated as an independent binary character. The only exception was the(trAld)
locus, which had several indels of multiptjacent basepairs; these were treated as one
multistate character. All polymorphic sites were then used to construct a maximum
likelihood phylogenetic tree using PhyML 3.0, iterated for 10,000 bootstraps. In order to
doubly verify cpDNA tree topology, | &b constructed a Bayesian phylogenetic tree
using Mr. Bayes v. 3.Zor the construction of both trees, | used the HKY85 (Hasegawa,
Kishino, and Yano) model of evolutio®ther models were briefly explored, but there
was so little cpDNA variation that each yielded identical tree topoloGigsroplast
trace files were blasted and annotated using the web server tool CpGAVAS, and
uploaded to NCBI using the web server tb@ankit.

For the Californian accessions assayed with SSCPs, | modeled the relative
frequency of chloroplast haplotype at a site with respect to latitude using a generalized
l'inear binomi al mod el using the Rogxhckage 0l
any samples in the same population were treated asmdependent observations.

Within California | estimated the overalsHor individuals at geographic sites assayed
with SSCPs (n = 204).
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2.4 Results
2.4.1 Ploidy estimations

Flow cytometry gav@C DNA content clustered at values of 8, 16 and 24 pg,
(Table 2.2) implying variation in ploidyA. barbatais tetraploid and 16pg was the most
common 2C content, so accessions that had approximately 8pg and 24pg were inferred to
be diploids and hexapladrespectivelyThese genome size estimates are well within
previously reported estimates of otWerenaspecies (Bennett & Leitch 2003l
Californian accessions were tetraploid. However, | observed six diploid and two
hexaploid accessions among theodid@world accessions. The ranges of the genome size
(pg/2C) of Californian and tetraploid Old World accessions overlapped (Table 2.2), but
Californian accessions have approximately 1.5% smaller genomes on average than
tetraploids from the old world (perrtation test Z = 3.9626, p = 0.00001) (Fig. 2.1).
Inferred ploidy is mapped onto our phylogeny (Fig. 2.2).

16



Table 2.2 Broad grouping of accessions evaluated with flow cytometry, number of plants
assayed, mean 2C DNA content (pg/2C), the minimum and maxnamge of the mean

DNA content, inferred ploidy, and standard error (SE).ssgplementary material
(forthcoming publicationjor detailed genome size information.

Group Sample size Mean 2C SE Range of Inferred
DNA content 2C DNA ploidy
(pg/2C) content

(pg/2C)

All 24 15.97 0.03 15.62- 4x

Californian 16.36

accessions

Tetraploid old 40 16.21 0.03 15.68-16.69 4x

world

accessions

Diploid (Clade 3 8.26 0.05 8.16-8.32 2x

17 Spain)

Diploid (Clade 3 8.65 0.10 8.48-8.83 2x

21 Morocco,

Greece, Spain)

Babylon, Irag 2 24.99 0.56 24.4325.55 6x

and Giza,
Egypt
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Genome size (pg/2C)
Figure 2.1 Probability density plot (grefyraded region) and rug plot (orange hatch
marks) of genome size values (pg/2C) for tetrapkitiarbatafrom the Old World (n =
40), and Californign = 24).The thick black line in the middle of each density plot is the
median value for genome size. The dotted line is the overall median value.
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Figure 2.2 Map (Lambert azimuthal eciaaka projection) of the Old World accessions.
The haplotypes in colour on the map represent the accessions that occur in both the Old
World and California. Maximunrtikelihood phylogenetic tree based on 100,000 re
sanplings. Bootstrap support is indicated at nodes. The tree was constructed using all
informative chloroplast sites of seven loci. The ploidy for each haplotype is mapped onto
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2.4.2 Phylogeognahy in the Old World

From seven chloroplast loci, | obtained 3250 bp of chloroplast sequence from
which | found a total of 18 different cpDNA haplotypes acdsbarbat®d s r an g e .
Overall, there was very little cpDNA variation, and total chloroplast seguainergence
was 0.86 % for all accessions in our phylogeny. Of the roughly six major clades in our
phylogeny four were well supported (bootstrap support proportion of 75 or greater).
However, the different haplotypes within each of these major cladesnwéewell
differentiated from each other with polytomies occurring in each clade (Fig 2.2). The
most widely distributed haplotype in the Old World matched that of the mesic genotype.
A haplotype matching that of the xeric genotype was very closely retathd mesic,
being separated by only a sin@BIP. The xeric haplotypgas present in three
Mediterranean siteésf or consi stency, I refer to these h
Most other Old World haplotypes were unique single point occurrencésy(i2.2 |
| abel thestetnsapbondte) pnwith the exception
isolated from accessions in Portugal (CN 25800), Corsica, France (Pl 337963), and
Tunisia (CN 19364).

Three diploid Spanish accessions belonged to oneswpfiorted clade closely
related to tetraploid Algerian accessions. The #ffiitn~R sequences for these clades
closely matched trrdlE/trn~R sequences for the diploikdzena lusitanicaand the diploid
Avena damascenaespectivel((Peng et al. 201Q)I therefore root our tree to these
groups.

The other three diploids from Greece, Spain, and Morocco are basal to the clade
containing the mesic and xeric haplotypes, along with other tetraploids (Fig. 2.2). The
trnL-F/trn~R sequencefdhese diploids matches thosefofhirtulaandA. barbata
which had identical trnL/trnF sequences in Peng et al. (281Biytulais the inferred
diploid A genome ancestor of the AB tetrapldidbarbata(Allard et al. 1993)I suggest
the diploid accessions in this clade are lik&lyhirtula.

The two hexaploids (found in Iraq and Egypt) had the same haplotype, which is
also basal to the main clade. These two hexaploids do not match tfegeguences of

hexaploidA. fatua(or any otheAvenas peci es) from Peng et al . 6s
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Finally, all haplotypes in the main tetraploid clade containing the mesic and xeric
haplotypes have trrE sequences matching those of Peng et al. (2016arbata

sequences.

2.4.3 Intraductions and population structure in California

Three chloroplast haplotypes were identified in California. All three of these were
also observed in the Old world (Figs. 2.2 & 2.3). The xeric and mesic haplotypes were of
course present in California, givéheir association with the mesic and xeric allozyme
genotypes of Allard et al. (1972). However, a third haplotype was found at sites in
Northern California. One accession collected from Livorno, Italy had a chloroplast
haplotype identical to that of thisNor t her no hapl otype (Fig. 2.2
distantly related to the mesic and xeric haplotypes.

The SSCP approach, was able to differentiate between mesic and xeric
haplotypes, and northern and mesic hgyples(Supp. Materiain forthcomirg
publicatior). The SSCPs revealed 106 accessions possessing the xeric allele at marker
ANU 67-L/68-R, distributed mostly at southern latitudes (Fig. 2L8)as then able to
further differentiate 74 accessions that had the mesic allele from 24 Nortleézs at
marker ANU 73L/ANU 74-R in California (Fig. 2.3). Chloroplast sequence divergence =
0.28% for Californian haplotypes, in comparison with 0.86% sequence divergence of all
accessions, which is more than a 3x reduction in sequence divergenceftoni@al
haplotypes.

Of the 24 sites that were screened for more than one individual, 12 of these sites
were polymorphic (Fig. 2.3). However, there is substantial spatial structure as to how this
variation is distributed in California. | estimategrE 0.33 based pon haplotype
frequencies. Thgeneralized linear binomial mixed model indicates a latitudinal cline in
the distribution o034, h«a(®o00i}t Thexerc hdplatypeis ude (b =
more likely to occur at sites in southern Califormijle northern locations show a

higher frequency of the other two haplotypes.
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Figure 2.3Left panel is the linear logistic regression of the relative abundance of the
xeric cpDNA haplotype on latitude, the 95% confidence bands based on the logistic
distribution. Note the latitude is on theayis for comparison with the map. Right panel
shows the geographic distribution of haplotypes in California (Lambert azimuthal equal
area projection). Pie charts represent 24 sites where multiple individualassased,

and are sized relative to the number of individuals sampled at a site. Triangles represent
71 sites where one individual was sampled per site.

2.5 Discussion

Evidence from cpDNA sequences point to a minimum of three introductions from
the Old World to California. | had originally expected at least two introductions because
of the two previously described genoty§€segg & Allard 1972) and indeed, separate
introductions of the mesic and xeric allozyme genotypes are seen. However | also
discovered a third haplotype that was mostly confined to Northern California. All three
haplotypes in California are also observed in the western Mediterranean, indicating that
there was a minimum of three distinct lineages introduced to California. The presence of
multiple cpDNA haplotypes is a necessary precondition for recombination titbcioa
to adaptation/colonization success in the new r@Btistrand & Schierenbeck 20Q0)
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The haplotypes within California show substantial lasgaleamongpopulation
strucure largely due to a statewidballow NorthSouth cline (Fig. 2.3). There are xeric
haplotypes at Northern latitudes California, thouggirtdistribution is largely
concentrated at southern latitudes. Mesic haplotypes are found mostly in the Northern
region of California, but they are also found at many southern sites. This gradual cline of
xeric haplotypes indicates that residual popafastructure remains from the 1970s,
where during this time period xeric allozyme genotypes were predominant throughout
California, and especially at southern latitu@@kegg & Allard 1972)

But there is also clear spatial mixing witlpopulations The presence of different
haplotypes within populations increases the probabilitlytiglarid recombination could
occur through occasional outcrossing between different selfing lineagedafbata At
the within-population level, spatial mixing of cpDNA lineages occurs most frequently in
North-central populations close to San Franciandthe surrounding Bay Area.
Interestingly, the Northern haplotype is quite distantly related to the other two
Californian haplotypes (Fig. 2.2), so it is possible that it is introducing additional new
nuclear alleles to the Californian population®obarbata (not present in the mesic and
xeric genotypes) from which additional new recombinant genotypes may be emerging.
The occurrence of all three genetic lineages within populations; (e.g., Geyserville,
Bodega Bay, Marshall, and San Ardo) allows forghbssibility that recombination could
greatly enhance genetic variation.

The three introductions to California may have occurred at different times or
concurrently. With too little divergence time having passed since the presumed original
A. barbataintroduction to California (~200 years agdpin & Marshall 1967; Minnich
2008) only small differences in our chosen cpDNA loci (i.e., no mutations have occurred
in California, which would allow us to track movements within the invaded range), it is
impossible to infer fsm the phylogeny which intduction came first. Howevepyevious
field studies of the allozyme genotypes and their recombinants suggest that mesic
genotypes have higher fitness than the xeric (izpga 2009). Thiseads to the
prediction of the spread genotypes derived from the mesic haplotype into areas
formerly occupied by the xeric, especially in the northern region of Calif{iratéa

2009) This would suggest that the mesic was introduced after the xeric.
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Since neither mukiocus allozyme combination occurred in the old world (Garcia
et al. 1989), the allozyme combinations described by A#aal (1972) were thought to
be recombinants of alleles present in Spanish populations. These findings support the
idea that recombination is relevant to colonization and that it contributes to adaptation.
However, if these recombinant allozyme combinatiomere separately introduced to
California, as | speculate above, then hybridization may have occurfedarbata
populations colonizing habitats further south in South or Central America which were
subsequently transported to Califor@i&umler 2000) | cannot discern whether this
initial recombination might have ppened in California, or prior to arrival, because our
geographic sampling is restricted to North America and the Mediterranean Basin.
Further, as there were no new cpDNA haplotype mutants observed in California since
leaving the Old World | would not béke to track the route of recombination or
migration.

While flow cytometry data show that all Californian populations (accessions) are
tetraploid, one conspicuoussult was thathe genome sizes (pg/2C values) of
Californian tetraploid individuals were on average smaller (~1.5%) than those of the Old
World tetraploid individuals. Lavergne et al. (2009) have demonstrated that a reduced
genome size for plants is adaptive in nowedtoessful environments (as would be
experienced during an invasion) and is associated with a number of phenotypic traits,
such asapid cell division during stem elongation, that facilitate invasidahalaris
arundinacegreed canarygrass). Some hawguad thaintraspecific variationmay bean
artifact of measurement err@@reilhuber 1998; Dolezel & Bartos 200But our samples
were grown under similar conaglihs and measured on the same machine, at the same
time, with the same size standaridherefore think that these highdyatistically
significant differences between Old World and Californian oatg@meineand worth
further testing the hypothesis @fduced genome size in an invading population
(Lavergne et al. 2009)

2.5.1 Old World

Our main purpose in examining the Old World was to determine the number and

divergence of lineages introduced to California. While our Old World sampsghot
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intensive, it was more than sufficient to identify the main branches of the phylogeny
(Nielsen & Slatkin 2013) The mesic haplotype was widespread and the most commonly
found haplotype in the Old Worldoccurring as far east as India and as far west as
coastal Portugal. Based on our hypothesized roofiogrocpDNA tree, with the diploid
A. lusitanicahaplotypes, the mesic haplotype also appears to be one of the most derived.
This is the opposite of what is predicted under coalescent theory, with the baseline
expectation being that the most abundant anslidespread haplotype is usually basal
(Templeton et al. 1995). This pattern suggests a recent and rapid spfedhidiata
individuals bearing the mesic cpDNA haplotype. Such a spread may have occurred if
rapid expansion of the species range in theWtdld had reduced genetic drift creating
one widespread and abundant haplotype, as well as an excess of rare haplotypes
(Excoffier et al. 2009)and our data appear to fit these expectations.
Although the large majority of our Old World accessions were tetraploid, a few

were not. As every accessibabtained from germplasm repositorigas originally
i denti fi ed Aabaratal laised Peegekt ah (2010) tr_phylogeny of
Avenaspecies to infer a plausible rodtena lusitanicaconsistent with the largétvena
phylogeny. ThéAvenasampled investigated in the Old Worldeem to be part of a
polyploidy complex or a series of repeated polyploidizations with multiple origins, which
is not uncommon for plan{Soltis & Soltis 1999; Soltist al.2007; Husbanet al.
2013) Near the hypothesized root of our tree, the Algerian sarfipiesDjelfa and
Batnaare most closely related to the dipldidenadamascenaequences from Peng et
al. (2010), yet our accessions are tetraploid,refer to these accessionsfagena
damascendike (Fig. 2.3). | hypothesize that these tetraploids could potentially be an
intermediate between the dipldddenadamasceng2x) and the derivative hexaploid
Avena fatug6x), based the placement of these species in Peng et al. (2010) phylogenies.
Our phylogeny contains no accessions that matched thé-#mF~R sequence oA.
fatua The only hexaploids from our phylogeny were found in Iraq and Egypt, and are
closely related to the tetraploid Northe&nbarbatahaplotype and they are distantly
related to hexaploid. fatuafrom Peng et al. (2010).

The Northern haplotype is teplaid, but quite divergent in cpDNA sequence from

the mesic and xeric haplotypes. One could argue that the Northern haplotype could be
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another tetraploid oat species sucl\aabyssinicar A. vavilovianawhich cluster

closely withA. barbataand have idntical trnl-F sequencefeng et al. 2010However,

it is difficult to separate the whoke. barbata/abyssinica/vaviloviargroup and some
authors have proposed it should all be considérdshrbata(Rajhathy & Thomas 1974)
These inferences, whileasth revisiting to clarify phylogeographic hypotheses, are
speculative, and were not the main focus of our study. Whether the Northern cpDNA
haplotype is considered a separate species capable of hybridizing with A. barbata, or a
distant lineage within ongpecies complex does little to alter our main conclusion that
there were three genetic lineages introduced to California. Within California there is
almost certainly intermixing between the three introductions, especially in the North due
to the presencef multiple haplotypes within populations. This sets up the possibility to
test for recombination between the three different introductees, and the possible adaptive

spread of a new recombinant genotype(s) to novel environments.
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Chapter 3  Gaussian Random Fields: Using a novel SDM technique that
incorporates uncertainty to describe a niche shift from Iberia to California

3.1 Abstract

Assessing whethex niche shift has occurred during a biological invasion is
important for understanding evolutionary dynamics, as different environments would
tend to exert different selective pressures. Climatic niche shifts are generatiittho
be rare among invaderUsing a novel species distribution model (SDM), Gaussian
random fields (GRF) | investigated niche shifts and niche overlApena barbataan
annual, invasive grass that has colonized all five Mediterranean climate regions. |
constrained my investiganh to two of these regions, the state California (where it is
invasive), and the Iberian Peninsula (where Californian populations are thought to have
originated). Occurrence data was obtained from the Global Biodiversity Information
Facility (GBIF), and dta from our own Californian +gurvey in 2010. | examined
between 1412 climatic variables and one edaphic variable in modeling the niche of
barbatausing three different spatial sampling schemes to account for spatial bias in
occurrence data. Differemodels were trained on subsets of data in both ranges and then
used to predict probability of presence in both ranges, and isolate environmental variables
that were important in predicting presence. | also used dagtor MANOVA and linear
discriminantfunctions to assess niche shifts and overlap. ibarbata.Overall, | found
that models predicting to the opposite range had a large amount of uncertainty associated
with them, MANOVAs showed significant difference between means of environmental
variables in both ranges predicting presence and absence, and linear discriminant
functions showed little overlap between geographic ranges. | interpreted this as evidence
of apossibleniche shiftbetweea Iberia and California, which may sugg#sitA.
barbatais undergoing evolutionary change.

3.2 Introduction

The frequency of occurrence of climatic niche shifts during or throughout
biological invasions is uncleaht least me review proposes that niche shifts are the
exception as opposed to the rule (Guidaal.e 2014) Climatic niche overlap and

conservatism may emerge as the most persistent findings because characterizations of the
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home and invaded niches focus mainly on climatic factors (precipitation and
temperature). Generally, there can be fair amotintimatic overlap for different
geographic regions, and particularly Mediterranean clin{ételserly, 2009), and even
more expansive geographic regions. For example, aanelgsis of 50 Holarctic
terrestrial invasive plants found that 80% of these have substantial niche overlap and thus
niche stability when compared to their home rafRgitpierre et al., 2012; Guisan et al.,
2014) Niche conservatism or niche stability occurs when a species in one geographic
region moves (sometimelsdusands of kilometers) to another geographic region, but
continues to occupy the same niche or environmental conditions as it did in its
geographic place of origin, in contrast, a complete niche shift is when a species either
occupies the same or diffetegeographic space, but shifts its environment or its niche
(Guisan et al., 2014)

The main objective of species distribution models (SDMSs) is the prediction of
presence and absence of one or many species given a set of environmental conditions. In
doing so, these models characteribewever imperfectly the nichg(Hutchinson,

1959) SDMs have been used to highlight niche changes or overlaps in species
distributions/niches at different stages of colonization or invasion of new ranges
(Véaclavik & Meentemeyer, 2011predict new potential niches with respect to climate
changgPearman et al., 2008nd errcs produced from SDMs may be informative as to
whether the species has evolved or undergone a nichérstaftatrick et al., 2007

Ecological studies using SDMs in the study of invasions or range expansions,
may come to a crossroads with evolution, and either directly or indirectly address the
guestion of local adaptation to a new niche, in that the invaders would experience low
fitness back in their home ran¢f@odsoe et al., 2009; Yoder et al., 20I®)e process of
local adaptation and divergent selection would inherently imply a species has undergone
a niche shift, where certain genotypes of a species have higher or lower fitness in
different evironments. Niche shifts do not necessarily indicate adaptation, as a species
may have always possessed the genetic resources or plasticity for a particular trait such as
flowering time(Levin, 2009) but merely not had the opportunity for transplant to a new

niche. There may aldze ecoevolutionary dynamics, where release from ecological
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competitors (release from selext) affects the amount of genetic variation available in
the population for future generatiofEEmery & Ackerly, 2014)

Invasive populations often suffer founder effectd éhe loss oadaptive(as
opposed to neutral) genetic variation due to genetic bottlenecks relative to native
populations. As such an invasion could result in four possibilities with respect to niche
occupancy. First, the newly invaded niche may be himnaesubsetfoyenetic variation
(nichecontraction that exists in the home range. Second, the newly invaded niche may
be broader than the old niche (niche expansion). Third, there could also be some limited
overlap between niches, but a niche shift ostuithe new habitat. Finally, there is also
the possibility that there has been no niche shift, as environmental variables in either
region show strong overlap with each other.

Avena barbatdott ex Link is an annual grass that is invasive to Califoamd,
highly selfing. Following colonization in California, it was observed that there were few
sets of monomorphic allozyme genotypes present and few recomii@hegg & Allard,

1972; Allard et al., 1972; Hamrick & Allard, 1979) was further demonstrated that

these allozyme genotypes were composed of a recuteset of alleles of those found in
Iberiai their suspected place of origi@arcia et al., 1989)hese observations suggest

that introduced populations 8f barbatato California experienced a bottleneck and lost
genetic variatiorduring colonization. Further, it was observed thabarbataindividuals

in California occupy populous annual stands unlike the small patches of ruderal stands it
forms in its Iberian home rand@ackson, 1985)which may be indicative of a niche shift.

If adaptive genetic variation were lost during a or repeated bottleneck(s), then this
leads to the prediction that individuals are restricted in occupying the full breadth of the
niche occupied btheir Spanish ancestors, i.e. SDMs trained in Iberia would pneslict
the niche in California. But if, on the other hand, multiple introductions have occurred in
California (Crosby et al. 2014 Ch.2), and these introductions have recombinedi(Ch.4)
the resultant new combinations might allow for niche overlap with Iberia, and possibly a
niche shift if the invaders have evolved since being introduced to California. If this were
the scenario, than models trained in Iberia would updedict the niche.

In my study | sought to characterize the amount of niche overlap and niche shifts

between invasive populations Af barbataand native Iberian populations, in doing so, |
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also characterize the niche in both ranges. | apply a new method of SDM, using Gaussian

random fields (GRF|Golding, 2013)which is one of the only mettls that deals well

with fAmpmdyenadeata. | sought to characterize
model, and then predict the probability of presence in California using this model. | then

repeated the process of modeling the niche in California sedl this model to predict

the probability of presence in Iberia.

3.3 Methods

3.3.1 Occurrence datanative range & invasive range

A. barbatapopulations are found on six continents with the exception being
Antarctica, and show a preference for characteristic Mediterranean biomes. The
Mediterranean Basin is thought to be its native range, but this may also extend well into
the Middle East (Baurti977). It has invaded Mediterranean biomes in Australia, North
America (California), South America, and South Africa. As | was mostly interested in
evaluating potential niche shifts and niche conservatisfn barbatapopulations in
California, Ichosetadl e f i ne t he fAnative rangeo as the IDb
Morocco, and the Ainvasive rangeo as the st a
Northern Morocco are thought to be the source of present day Californian populations,
with initial colonization occurring in California during the Spanish missionary period on
the Western side of the Americ@3arcia et al., 1989; Minnich, 2008)dditionally, both
these regions were intensively surveyed, ovepatrthe same period (1802800s) most
other regions were inconsistently or sparsely sampled. The only other region with
comparatively intense sampling was the continent of Australia with over 3000 records of
occurrences; | plan on revisiting this datased later date.

Total A. barbataoccurrence data was obtained from several sources: the public
data portal for the Global Biodiversity Information Facility (GBIF) using tpackage
0 r g b i-F(Ghamberlaif et al., 2014the National Small Grains collection at the
USDA, the CaliforniaCorsr t i um Her bari a, and our | abdos ow
Chapter Four) of the state of California in 2010. The total number of records of

occurrences from thiinitial global search was %84, with occurrence dates ranging
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from the early 18008 2014 inall environments. | screened the data as GBIF interfaces

regularly with many databases and data portals, and this interfacing can result in

duplicate records. | purged duplicates by keeping only one record for each unique pair of

GPS coordinates. | alsmgured that remaining occurrences were georeferenced, correctly

T i.e. were in the correct country, and not in the ocean, by spatial query using the R

package Oraster6, and by eye. The total numb

ranges was 3916 wit998 occurrences in the invaded range, and 2908 in the native range.

3.3.2 Sampling bias and t he e¢qdmrsernateibgn daft ab a

There are two main problems that can occur with SDMs sampling bias and the
l ack of At r wnedurranbedatasetse Saoh@ing diasioccurs because of over
sampling regions close to populated urban areas, roadways, and other easily accessible
areas such as parks, and may create spurious associations between environment and
occurrences when attemptitmgimprove the predictability of an SDM. Sampling bias
may also occur because a concentrated sampling effort has taken place due to various
environmental, provincial, county, or reginde biodiversity assessment programs.

To deal with sampling bias, Bips et al. (2009) suggest using a species that co
occurs with the species of interest, but may occupy a slightly shifted different
distribution. | found this suggestion to be cumbersome to fulfill in California, given that
A. barbatais invasive there ahdoes not cmccur with a related species throughout both
its ranges. Instead, | used three approaches to account for sampling bias. First, |
subsampled both Iberia and California by overlaying a raster grid of varying sizes (20,
15, 10, 5kms?) acrosstie entire range and chose one individual in each grid square. By
eye, | judged which of these grid sizes appeared to prune the data sufficiently in areas
with many occurrences, but without reducing the total number of occurrences throughout
the range. In &ith cases, a raster grid of-kf> was chosen as a grid size. Second, |
targeted my suisampling on only those regions in each range that may have been
repeatedly sampled due to their proximity to populated areas or political boundaries. |
overlaid a 18km? raster grid over each partial range, and chose only one individual
within each grid cell. Finally, because the data were obtained mostly from databases, |

could not be certain as to whether these areas were sampled in a biased way or whether
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these repremted actual densely occupied habitd@tsus, SDMs were also performed on
datasets without systematically eliminating any of the occurrence data.
SDMs produce more accurate results if absence data recorded from a formal
geographic survey is used, and utidaately, no (Iberia) and/or little (California) were
available forA. barbata An alternative to using actual absence data to improve SDM
accuracy is to include a large number of tpemerated pseuedabsencegBarbetMassin
etal.,2012) | gener-alb 2endes e uaaa aorass da@frthe u n d
ranges | generated an equalwemwembienr ecsfe nftaelsde n @
weregenerated randomly across the range, in the following way: for each occurrence
point, | drew a circle with a radius of %@n? (or 4km) and one random poithin this

circle was designated an fAabsenceo.

3.3.3 SDM technique GRaF

As there wasdothpresence and pseudbsence data points at my disposal, | used a new
SDM technique to evaluate my selected environmental variables (see section below for
selection process). Environmental variables were fit to SDMs based on Gaussian Random
Fields (GRF)inthe Rpac k age ¢ dR(&dding, 2013)As using GRFs to

model species distributions is a new method, | explain it here in a bit more detail.

GRF is a Bayesian method that provides the uncertainty of each estimate of
probability of presence or absence associated with the SDM due to imperfect data. Most
other SDMmethods are constructed with imperfect data without accounting for it. The
first step in constructing a GRF is generating an array of presences and-aksences
(coded as 1s and 0s) along with the environmental variables of interest at each
coordinatethe independent variables are the environmental variables. In a GRF model,
the mean is specified from the predictors and the response variable modeled in terms of
errors from the mean. Multlimensional Euclidean distances are used in calculating the
n-dimensional distance between locations; these distances were then converted into
squareekexponential covariance functions. After computing the covariance function,
GRaF provides another parameter Al engthscale
model. Leagthscale parameterizes how the correlation between preabsence records

decays with environmental distance (Euclidean distance between variables), and can be
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specified by the user or optimally estimated from the data by GRaF, | chose to optimally
estimate the lengthscales. The variables with the shortest lengthscales produced from a
GRF model can be interpreted as the main variables driving the relationship between
niche and species occurrence. Further detailed information on GRaF is available in
Golding (2013).

3.3.4 Initial selection of environmental variables

Another important consideration in generating an SDM with high predictive
ability is choosing a representative suite of environmental variables thought to represent
the niche of the speciesioterest. | used a combination of historical observations,
literature specific t&\. barbata(Pinero, 1982and annual plant@ackson, 1985and
past observations over four field seasons in California (Latta, pers. comm). While these
choices are subjective to a certain degree, | chose variables based on repdristdiife
traits ofA. barbata climate data, and edaphic (soil) traiteath region. For each class
of environmental variable | aimed to choose variables that would be relatively consistent
for the time period of when the occurrences were recorded 18f@sent, so | could
compare the initial colonization period in Calif@iiBlumler, 2000; Minnich, 2008up
to presat day.

BecauseA. barbatais a winter annual planthe following observationsere
used toselect an appropriate suite of climatic variables:INef precipitation in each
region is thought to aid in initial sprouting and growth, along with warmer winter
temperatures, a warm wet spring in Ma#gbril for initial growth and flowering, and
indiredly, a hot, dry, summer is thought to aid in eliminating other vegetation that might
otherwise compete witA. barbatafor resources. Raster grids for mean monthly
precipitation and temperature were obtained from the WorldClim database v. 1.4 at a
resolutbn of approximately 1km at the equator or 30 arc seconds. In addition to these
climate variables, | also obtained raster grids for mean monthly actual evapotranspiration
(AET) and mean monthly potential evapotranspiration (PET) as the difference between
AET and PET (i.e. water deficit) are relevant to plant survival.

Soil type as assessed by various classification systems (e.g. USDA and World

Reference Base for soil types) may not adequately capture similarities between regions,
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instead emphasizing categmi differences. As my goal was to be able to compare native
and invasive regions, | included one continuous variable, soil pH ina 1 X 1 km grid,
which has been shown to greatly improve the predictability of plant SDMsuis et al.,
2012) and is measured using the same method in both locations. Oats and other annual
grasses are known to prefer slightly acidic soils, but can exist within a broad range of pH
values ~ 3.5/.

In total, this initial selection left us with thifyiree environmental variables
(Table 3.1) to consider for further niche evaluation. All raster grids containing
environmentatatawere clipped to the extent of the range of occurrentcésth

California and Iberia.
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Table 3.1Summary of raster datasets and environmental variables used in GRF SDMs.

Raster data sets Environmental Resolution URL Ref.

layers contained

within
Mean monthly Novembefi July (9) ~1km at the http://www.worldclim.org/form  (Hijmans et
Temperature equator ats al., 2005)
Mean monthly NovemberMarch (5) ~1km at the http://mwww.worldclim.org/form  (Hijmans et
Precipitation equator ats al., 2005)
Mean monthly Actual Novembeii July (9) ~1km at the http://www.cgiar.csi. org. (Trabucco
Evapotranspiration equator & Zomer
(AET) 2010)
Mean monthly Novembeifi July (9) ~1km at the http://www.csi.cgiar.org (Trabucco
Potential equator & Zomer
Evapotranspiration 2009)
(PET)
Mean Soil pH Soil pH (1) ~1km at the http://soilgrids1km.isric.org (ISRIC,

equator 20149



http://www.worldclim.org/formats
http://www.worldclim.org/formats
http://www.worldclim.org/formats
http://www.worldclim.org/formats
http://soilgrids1km.isric.org/

3.3.5 Final selection of environmental variables

To reduce the amount of complexity in explaining and interpreting the nicke of
barbatain its home range | sought to choose fewer variables that might best explain the
niche ofA. barbata | examined the degree to which environmental variables were
correlated to each other in the Iberian Peninsula and in California. To estimate the degree
of correlation between variabl es,offl used
values of: >|0.99|, >|0.98|, >|0.95|, and >|0.90|, removing one of the corvalabtes
from the dataset. In Iberia, this reduced the number from variables tethnet; twenty
five, twelve, and six, respectively. In California, this reduced the number variables from
twenty-eight, twentyone, eleven, and five, respectively. Weratively fit GRaF models
100 times to different random samples of 30% of my occurrence data with each different
set of variables. In each case, the optimal lengthscale option (as specified above) was
turned on, and flat priors were used.

The deviance irdrmation criterion (DIC), the number of effective paramters
(pD), and the remaining 70% of presence/psealukences that were correctly classified
were used to choose the optimal number of environmental variables. Like other
information criterion a DIC vale estimates the compromise between model fit and model
complexity. Lower DIC values are generally preferred to higher DIC values. In Bayesian
models, pD is akin to the number of parameters used to explain the data, for example a
pD = 10.9 would be akin ta 10" degree polynomial model. Higher values of pD
represent a more complex model, lower values a less complex model. | sought to
minimize pD, while also maintaining a low DIC. To calculate proportion of correctly
classified presences and psewadisencepredicted using a GRaF model, | set at posterior
threshold estimate of 0.5. Any posterior estimate of 0.5 was classified as present, and any
estimate below 0.5 was classified as an absence. These classifications were then
compared to the actual recordgpoésences and absences to calculate proportion of

records that were correctly classified with the GRaF model.
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3.3.6 Model prediction and prediction diagnostics

For each of the sampling scenarios each trained Iberian GRaF model was used to predict
the emaning (70%) of the records in Iberia, and then all records in California. | then took
my Californian trained model and predicted the remaining occurrences in California, and
then all of Iberia. The strength of each trained GRaF model was evaluatethuseg

criteria: the area under (AUC) the receiver operating curve (ROC), number of

occurrences and absences that were correctly classified, and mean model uncertainty.
AUC values scale from O to 1 and evaluate a
occurence records; an AUC value of 1 indicates that the model correctly classifies all
records of occurrence, a value of 0.5 is the same as random chance, AUC values < 0.5
perform worse than random chance. But, AUC has faced criticism in th@_pbstet al.,

2008) so | used number of occurrences that were correctly classified based on a threshold
value that was the average between model sensitivity (true positive rate) and specificity
(false positive rat). Mean model uncertainty was also calculated by subtracting each of

the upper 95% credible intervals from the lower 95% credible intervals for each posterior
estimate of probability of presence or absence.

3.3.7 Niche comparison

For ease of interpretah with respect to niche comparison and overlap, | narrowed my
comparison by focusing on the two variables with the shortest lengthscales (those
variables in a GRF model that are driving the relationship between probability of
presence and the niche) fraach of the training models in both ranges, i.e. four
environmental variables in total. These variables were then used for a coarse comparison
using a twefactor multivariate analysis of variance (MANOVA) for the factors of
occurrence and geographic area, presence vs. absence and Iberia vs. California. |
performed MANOVAs for each of the three spatial sampling schemes. In order assess the
amount of niche overlap with respect to these two factors | performed linear discriminant
analysis (LDA) for eaclof the spatial sampling schemes, and also on the complete
dataset with all thirtthree environmental variables included for the purpose of niche

comparison.
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3.4 Results:
3.4.1 Subselection of environmental variables

For the initial GRaF analysis whelreelected a subset of the original thiityee
environmental variables, all oiwveay ANOVAs were significantly different for each of
the three parameters evaluated for choosing the optimal number of environmental
variables (Fig. 3.1 & 3.2).

Forbothlber a and Cal i fornia, the comnhpcari son of
tests revealed that all means for the pD and the number of records correctly classified
were significantly different from each other. In Iberia, the mean DIC differed for only the
level of $x environmental variables; the other levels did not differ from one another (Fig.
3.1). In California, the pairwise mean DIC differed for only the level of five variables
(Fig. 3.2). To minimize model complexity (lower pD), but also maintain a good rfibdel
(lower DIC) I chose twelve environmental variables to characterize the home range niche
of A. barbata in California, | chose to use eleven variables.

In Iberia, twelve variables correctly classified presences/absences on average
65.6%, a 3% improvenm from six variables that classified 62.6%, while models using
all thirty-three variables improved the classification by only 2.8%, mean 68.4% (Figs. 3.1
& 3.3-3.5). The chosen twelve environmental variables were: mean actual
evapotranspiration (AET) fadhe months of November, December, May, and July; mean
potential evapotranspiration (PET) for March, May, and July; mean temperature for the
months of May and July; mean precipitation for the months of February and March; and
soil pH (Figs. 3.33.5).In gereral, these variables were thoughbtma suitable subset of
uncorrelatediescriptors of the Iberian Mediterranean environment. There was much
more uncertainty around probability of presence posterior estimates in relation to
environmental variables foné 15 km2 raster dataset (Fig. 3.4), than there was for the
datasets with more occurrence data included (Fig. 3.3 & 3.5). The only common
environmental variable with a short lengthscale between any of the spatial datasets was
average warm May temperaturetlveen 1615°C (Figs. 3.4 & 3.5).

In California, the eleven variables correctly classified records on average 68.5 %,
a 4.7% improvement from five variables that correctly classified on average 63.8% of
records, while models using twergjght variables irproved the classification by only
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2.6%, man 71.1% (Figs. 3.2 & 3:8.8). For California, the chosen eleven environmental

variables used were: actual evapotranspiration (AET) for the month of January; potential

evapotranspiration (PET) for January, February, March, April, and July; mean

temperatue for the months of December, April, and July; mean precipitation for March;

and soil pH (Figs. 3:8.8). As in Iberia, there was much more uncertainty with the 15

km? raster dataset (Fig. 3.7) relative to the two other spatial datasets (Figs. 3.6 & 3.8),

which contained more occurrence data. Mean December temperature had a short

lengthscale (high predictive power) in all three Californian occurrence datasets, and

predicted a reasonably high probability of presence between mean temperattfB®f 5
(Figs.3.6-3.8).
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GRaF models in both regions had four variables in common: mean monthly AET
for November, mean monthly PET for March, mean July temperature, and soil pH (Figs.
3.3-3.8). High probability of presence occurred in both ranges for average July
tempeatures of ~ 28C, and for slightly acidic soils ~5.5 pH (Figs. 3.3.8). However
when examining the full dataset lengthscale plots, mean monthly PET in March was
slightly higher for California than Iberia, as was mean monthly AET in November (Figs.
3.5& 3.8). This suggests that barbataoccurs in moister environments in California

than it does in Iberia.

3.4.2 Testing model performance

The Iberian trained models were more complex than its Californian counterpart (Table
3.2) having a higher number effective parameters (pD) in the model, and a higher DIC
as a result. As expected, for all three spatial sampling schemes, the Iberian trained model
correctly classified more occurrence data in Iberia than California, had a higher AUC in
Iberia than in Cl#ornia, and had much lower mean model uncertainty in Iberia than in
California (Table 3.3). Prediction maps generated using datasets with fewer occurrence
records had higher uncertainty (grey points in Figs. 3.9 & 3.10) than datasets where all
occurrencelata was included. However, when all occurrence data was included in the
models, most of the true presence predictions from the Iberian trained model were
centered on heavily populated areas in both Iberia and California (Fig. 3.11).

The Californian traied model had a lower number of effective parameters (pD) in
the model, and a lower DIC than the Iberian model. It correctly classified more
occurrence data in California than Iberia for all three spatial sampling schemes. However,
the Californian trainedhodel performed better at predicting occurrences in Iberia the

than the Iberian model performed in predicting presences in California (Table 3.3).

3.4.3 Niche comparison

Results of the twdactor MANOVA for all three spatial sampling schemes point to

significant differences in the multivariate means between geographic areas, presences and
absences, and the interaction between those two single factors. The factor that displayed

the most variance between groups was geographic area (Table 3.4) for albaticde s
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sampling schemes. For every sampling scheme, and all of the data as well, ordinal plots
of the first twadiscriminant axes analyses revealed separation between geographic areas
on the first axis (Fig. 3.12). This separation along the first discaimiaxis decreased as
fewer records were examined with respect to each of the most important environmental
variables, with the spatial data set of one record per ¥$kowing the most amount of
overlap (Fig. 3.12). The overlap as the amount of recortedses is perhaps a function

of model uncertainty; with fewer records thekiri2 dataset had the higher uncertainty

and less resolution in correctly classifying presences vs. absences (Table 3.3). There was
separation between presences and absencesQalif@nian along the second axis for

most spatial categories examined (Fig. 3.12), but substantial overlap for Iberian presences
and absences, suggesting that Iberian psabdences occur in the same environments as

Iberian presences.
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Table 3.2 Summary of model diagnostics with training datasets.

Training model Spatial Size of training  Number of Seed number used Model DIC pD

sampling data set variables in

scheme (number of training model

records)

Iberian training Subsampling 1019 12 380714689 1191.22 48.49
model bias
Californian Subsampling 359 11 3213 427.62 15.65
training model  bias
Iberian training 15 knf raster 522 12 380714689 661.55 23.82
model grid
Californian 15 knf raster 118 11 3213 158.65 10.24
training model  grid
Iberian training  All occurrence 1554 12 380714689 1641.98 65.92
model dataset
Californian All occurrence 520 11 3213 524.64 20.00
training model  dataset
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Table 3.3Summary of model predictions for each spatial samymicheme.

2]

Model predictions Spatial sampling #Records Mean model AUC AUC STDEV Specificity Sensitivity Threshold Proportion
category scheme predicted uncertainty correctly
classified
Iberia to Iberia Subsampling bias 2532 0.394 0.737 0.010 0.548 0.807 0.678 0.617
Iberia to Iberia 15 knf raster grid 1219 0.374 0.645 0.016 0.438 0.760 0.599 0.600
Iberia to lberia All occurrence 3625 0.332 0.827 0.007 0.720 0.772 0.746 0.671

data included

California to Subsampling bias 900 0.354 0.729 0.017 0.492 0.831 0.661 0.679
California

California to 15 knf raster grid 275 0.514 0.666 0.033 0.500 0.799 0.649 0.520
California

California to All occurrence 1215 0.320 0.823 0.012 0.611 0.841 0.726 0.682
California data included

Iberia to Subsampling bias 1200 0.842 0.619 0.016 0.520 0.650 0.585 0.547
California

Iberia to 15 knf raster grid 679 0.796 0.624 0.022 0.546 0.663 0.605 0.550
California

Iberia to All occurrence 1735 0.817 0.595 0.013 0.376 0.794 0.585 0.521
California data included

California to Subsampling bias 3376 0.548 0.624 0.010 0.441 0.760 0.601 0.594
Iberia

California to 15 knf raster grid 1749 0.708 0.593 0.013 0.595 0.531 0.563 0.510
Iberia

California to All occurrence 5179 0.576 0.636 0.008 0.575 0.640 0.607 0.531

Iberia data included




Table 3.4 Summary of MANOVA results from factors presence vs. absence and Iberia vs. California for three spatial sampling

GS

schemes, Pillai6s trace indicates variance between groups.

Factor Spatial sampling df Pill ai 6s Approximate Probability (>F)
scheme multivariate F-

value

Occurrence 15 knf raster grid 1 0.046 28.891 0.0001

Geographic Range 15 knfraster grid 1 0.247 197.733 0.0001

Occurrence * 15 knf raster grid 1 0.042 26.180 0.0001

Geographic Range

Residuals 2416

Occurrence Subsampling bias 1 0.060 73.000 0.0001
dataset

Geographic Range Subsampling bias 1 0.596 1693.310 0.0001
dataset

Occurrence * Subsampling bias 1 0.022 26.110 0.0001

Geographic Range dataset

Residuals 4588

Occurrence All occurrences 1 0.010 196.300 0.0001
dataset

Geographic Range All occurrences 1 0.503 1744.950 0.0001
dataset

Occurrence * All occurrences 1 0.030 54.220 0.0001

Geographic Range dataset

Residuals 6910
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3.5 Discussion

In her general study of ecological origins of Mediterranearsggaim California,
Jackson (1985) notes that most annual grasses in their native Mediterranean Basin form
small, disjunct communities, not the dense annual stands they do in Californis. This
potentially indicative of either a climatigche shiftor therelease from natural enemies
of theintroduced Mediterranean Basin grasses to CalifoAuana barbataccurs in all
five Mediterranean climate regions, which are characterized by warm winters with
substantial rainfall occurring until early spring, arad, ldry summergJackson, 1985)n
looking at environmental variables of these two climate regions, the Mediterranean Basin
(focusing on Iberia), and California, | attempted to characterize pidraps and/or
niche shifts inA. barbataoccurrence using a new type of SODNGRF(Golding, 2013)
which incorporates uncertainty in predictively modeling species occurtences

Models trained in both ranges had three common climatic variables (mean AET
Nov., mean PET March, mean temperature July), and one edapiaible (soil pH)
shared between them, and this demonstrates that theraesnsthe similarity between
theranges. High average July temperatures predicted gohoplability of presence in the
ranges, but average PET in March and AET in Novembsrmticeably different for the
ranges with a higher average PET in March and AET in November in California
predicting a high probability of presence compared to Spain. However, the environmental
variables with the shortest lengthscales in each of the modedgyereerally different
between theanges, and lengthscale parameters and model complexity were sensitive to
the spatial dataset under consideration.

As expected, in every case, each of the models trained in their own range
performed better at predictirggcurrences in their own range than they did in the
opposite range. In general, Iberian trained models across all three spatial sampling
scenarios poorly predicted Californian occurrences. Californian trained models did better
at predicting presence in lti@, but there was also a high degree of uncertainty associated
with these predictions. | suggest that the high uncertainty associated with each of the
trained models attempting to predict the opposite range suggests that the relative
importance of certaienvironmental variables differs between both geographic ranges

and points to alimatic niche shift. The MANOVA and linear discriminant function
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analysis of the most important lengthscales in GRaF models are also suggestive of niche
dissimilarity. Howeveras spatial datasets were pruned down to a fewer number of
occurrences, this separation lessened.

SDMs are very much dependent on both accurate occurrence and environmental
data, and the spatial and timescales at which environmental data are collected. In general,
these data were interpolated at a high resolution for a raster dataset (~1km at thg, equat
but the number of observation stations does differ between Iberia and California, with
California having more observation stations than Ibgfignans et al., 2005)

An additional consideration is that these
r e s ol ortan annual plant, which may prefer specific microclimates that cannot be
captured with the current scale of environmental data. Recently, it has been suggested
that in order to accurately describe the macroclimate of a species, substantial
measurement a@ncharacterization of the microclimate must occur first to inform large
geographic scale SDM&illingham et al., 2012; Harwood et al., 2014y study was
limited to the macroclimate, due to time and the spatial spread of occurrences in both
these ranges.

This study also mainly considered climatic variables (with the exception of soil
pH) in attempting to describe the nichefofbarbata As important as climaticariables
can be in describing the niche of a spedigsse variables might serve better to inform
the range limits of the species as opposed to the distribution within each rasmgksdt
probably important to consider other biotic variables, suchudsatistic or symbiotic
relationships with other speci@Sodsoe et al., 2009 the case of invasions, the release
from ecol ogi cal ©croanpeasdsd olrysp dtoh ensei #haje myn t he
additional factor in predicting probability of preseri€elautti et al., 2004; Emery &

Ackerly, 2014) | did not make an attempt to include biotic variables in the preseiyt, stu

as doing so in both geographic ranges would have proven a difficult task (not to diminish

their potential importance in predictidg barbataoccurrences)Another potential factor

that may have playeal role in determining the distributiai A. barbda in the invasive

range are fire cycles, where an invasive grass provides ample fuel for fires, which then
increase in frequency destroying the native
Vitousek 1992).
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Sampling effort recording presence and absengalsa heavily bias which
environmental variables are most important in predicting preg®miéps et al., 2009)
and to some extent this difference is observed between the three spatial sampling schemes
used here. By selectively altering the number of occurrences by targeting only one
individual in densely sampled areas based on a reasonable raster grid size or pruning the
data across the total range, the relative importance of environmental variablgssanan
the GRF model. The one exception to this observation is a warm average mean
temperature in December in California, suggesting that warm winters in California are
associated with a high probability of presenceAobarbata By pruning the datasehe
average uncertainty in each model shifts dramatically as well, with the sparser the dataset
(in terms of number of occurrences) the greater the uncertainty in model predicitions.
When all evidence is considered, | thihks possiblehatA. barbataoccupies a

differentclimatic niche in California than it does in Iberia, amady preferentially
occupies different environments than those it occupies in Iberia. First, subsets of different
environmental variables were better at optimally predicting la pigbability of presence
in models trained in both ranges. This on its own may not necessarily indicate a shift
because there could be substantial seasonal offsets between the two ranges, for example
the rainiest month in Iberia may be November, anddheast month in California may
be Dec. However, two of the variables shared between models trained in both ranges had
different mean$ these were mean March PET and November AET. This is the first time
(to my knowledge) GRF has been used to investigatershifts. | would tend to
advance that high uncertainty associated with models predicting to the opposite range
means that the subset variables that predicts presence in Iberia (for example) does not
reliably predict presence in California. No mattes fipatial category, there was always a
fair amount of uncertainty with models predicting occurrence in the opposite range.
Finally, both the tweawvay MANOVA and LDA seem to show that when the most
important environmental variables are considered, théitdesoverlap between them
when considered as multivariate wholes.

| note that thigpotential climatianiche shift is not indicative of evolutionary change
or local adaptation in either range. In the present study, it cannot be ruled out that

colonizingA. barbataindividuals may have had substantial physiological and also
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phenotypic plasticity available to changing stresses like moisture gradients, which may
have then lead to altering a trait such as flowering (@terrard et al., 2009If

evolutionary change were occurring in California, | would hypothesize it is because of
other factors such as recombination (Chapter 4) possibly between the three maternal

introductions (Chapter 2) from different parts of the native range.
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Chapter 4  Contemporary evolution over 40 generations in an invasive annual

grass

4.1 Abstract

Observing a unidirectional shift in heritable characters over time across a broad
geographic range strongly suggests adaptive evolutionary change has occurred. The
opportunity to examine adaptive contemporary evolutionary change over a large
geographic reign is decidedly rare, as studies quantifying this type of change typically
have historical datasets from only a few sifegena barbatgopulations in California

have heritable morphological trait data from over a hundred populations (statewide) in
two traits (lemma color and leaf sheath hairiness) dating back to the 1970s. A previous
common garden field experiment predicts that there should be an increase of the
frequency of light lemma and leaf sheath pubescence. In 2010, these sites were re
surveyed, ad the frequency of each of the heritable traits was calculated. Over 40 years,
the frequency of both light lemma color and leaf sheath pubescence increased at all but
the most southern populations in California. Each of these traits appears to have two
underlying QTL on different linkage groups, and both appear to be epistatic in iature.
simulation strongly suggested that adaptive evolution, rather than drift and
recombination, were responsible for the observed champesstudy demonstrates

ongoing adptive evolutionary change in California in two heritable characters over 40

years.

4.2 Introduction

A unidirectional shift in the frequency of heritable polymorphic traits over a short
time period, in many populations, and throughout a large geograpige strongly
suggests natural selection. Reviews of studies showing changes in the frequency of
heritable characte through time demonstrag@olution over short periods of time
(Reznick and Ghalambor 2001; Carroll et al. 200Onetheless, the opportunity to
observe contemporary evolutionary change by natural selection over several decades and
in the wild is still relatively rare. It requires obtaining letegm studies odatasets of
morphs with accompanying genetic data. Most of these evolutionary studies are well

known, and use a combination of breeding designs and/or field observations to first
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disentangle the genetic basis of trait and then survey phenotypes indrentiehclude:
different favored morphs drosophila pseudobscutia between different regions in the
southwestern United Staté3obzhansky and Levene 1948)e ongoing study of an
insular population of Soay sheep, industrial melanism in pepperistbr( betularig in
Britain (Kettlewell 1956) Pet er and Rosemary Grantdés ongoi
finches(Grant and Grant 1993; 2002)ery few (if any) studies have been able to isolate
the signal of natural selection in polymorphic heritable characters throughout a large
geographic area over several decades.

In the era of nexgieneration sequen@r(NGS) analysis, obtaining massive
amounts of molecular genetic data at increasingly low cost would seem to trump
morphological markers with a known heritable bgBiavey et al. 2011)Yet, heritable
morphological markers are still advantageous in that they allow for rapid and convenient
screening of genotypes liarge, geographic, field surveys. Populations of the annual
grass Avena barbatdott ex Link (common name: slender wild oat) in California present
a unigue opportunity to study the dynamics of contemporary evolution in heritable traits
for two reasons. iFst, because there exists a large amount of background information on
past genotype frequencies based on morphological heritable markers over a large
geographic area (statewide); and second, previous experimental common garden work
has predicted the dirgon of evolutionary change by selection.

R.W. Allard and his working group originally pioneered Californian populations
of A. barbataas a study system of local adaptation in the 197@80s. It was among
some of the first species to be genetically characterized in the wild, by molecular markers
nearly 40 years ago. Five allozyme loci were observed almost exclusively in two distinct
combinations (out of a possible thiktyo) throughout the state of Californi@llard et
al. 1972; Clegg and Allard 1972; Miller 197 Bach of the two combinations appeated
exist in divergent environments along a moisture gradient; asgin@isg equilibrium
between migratiomnd selection, it was concluded that these two Audtis genotype
combinations represented two locally adapted ecotypes r med O me Hi drand 0 X
the genotypes occurring moist and arid environments, respedipiyd et al. 1972)
Two morphological trudreeding trait§ leaf sheath pubescence and lemma doleere

associated with these two monomorphic allozyme combinations. Light lemma adlor an
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leaf sheath pubescence strongly correlates with the mesic ecotype, while dark lemma
color and lack of pubescence (or glabrous leaf sheaths) strongly correlates with the xeric
ecotype(Clegg and Allard 1972)

Past work from reciprocal transplant common garden rgatr field experiments
in California (20032004 and 200€2007),demonstrated that mesic genotypes were more
fit than xeric genotypes in both arid and moist environnfeatsa 2009) contradictory to
the original conclusion of local adaptation on the geographic scale suggested by Allard et
al. (1972) Becausemesic genotypes are consistently more fit than xeric genofiptsa
2009) | predict thatraitsassociated with the mesic genotypaht to haveéncreased in
frequency over the past 40 generations in Califorianidirectional shift in the
frequency of these characters would provide strong evidence that selection has influenced
the distribution of these traits in the state of CaliforNiate, that | did not consider the
adaptive significance of each of the mploological markers, nor dahkve any reason to
believe thatemma and leaf sheath traétee directlyunder selection. The goal was to use
the morphological markeess a way of tracking evolutionary change of the masd
xeric genotypes.

While the clasic ecotypic trait combinations are those most likely to found
throughout California in the present because of the high rate desdlzation and lack
of pollen migration irA. barbata recombination may also influence observations in the
present timgoeriod. Additional work with recombinant inbred lines (RILS) created via
crossing the two parental ecotydeatta et al. 2004)demonstrated transgressive
segregation in QTL associated with fiteder lategeneration recombinants in a novel
(greenhouse environmerfflohanseiMorris and Latta 2006)This work suggests that a
novel recombinant may be spreading throughout California.

A geographic resurvey &. barbatawas conducteth 2010 and assessed the
frequency of lemma colomd leaf sheath pubescence in populations that were previously
screened in the 1970s, or spanning approximatel3&enerations. This is a rare
opportunity, as very few studies have this amount of histageaéticdata from this
large an area to compaiea present day survey, and further a clear prediction regarding

the direction of selection. | used information about population sites from three doctoral

theses of R.W. Allardés students (see method
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and peformed simulations to characterize the distribution of trait values under drift and

occasional recombination, as opposed to selection.

4.3 Methods
4.3.1 Geographic resurvey
Over the course of three weeks in May 2010 a geographic resurvey of a subset of
previously studied Californian slender wild oat populations was carriedfoui total
of 105 collection sites. Geographic coordinates and site descriptions from threaldocto
di ssertations from Allardés students (Clegg
used to locat&vena barbataollection sites surveyed in the 1970s. Each of these
dissertations was chosen because each contained sites characteristic of thgefoll ran
growing conditions throughout the state of California. Clegg (1972) and Hutchinson
(1982) sites were surveyed intensively in the past and as such collections of between 50
100 individuals were made. Miller (1977) sites were more geographically wedesp
than Clegg and Hutchinson sites, but fewer individuals were collected in the past.
Between 120 individuals were collected duringourseur vey of Mil |l er 6s (1
Original site descriptions from this era provided map coordinates that weheetegn
the nearest minute of arc, i.e. approximately 1 km. For greater than 90% of the sites, we
were able to get within at least four kilometers (kms) radius (and in most cases 2 kms) of
the original site as desbed in the 19704-or each individual, @ture seeds were
targeted for collection for this study and other studies using molecular markers and
measurement of phenotypic traits in the greenhouse. In general, the later along in
flowering, the more seeds were collected in the field. Each site wiatyveurveyed by
walking randomly between individuals and attempting to obtain a number of individuals
in early and late stages of flowering. At each site, the trait pubescence of each individual
was quickly established by visual examination of the leedh The aggregate count
and overall frequency of pubescent (vs. glabrous individuals) was recorded, e.g. 12/18
individuals or 0.6667 at the Willits collection site.

Dark lemma and leaf sheath pubescence counts per site were not recorded for
Clegg (1972)Miller (1977), and Hutchinson (1982) dissertations, so | inferred them

using the smallest whole number consistent with the reported frequency.
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Lemma color of the recent Californian collection was assessed after returning
from the field for 2272 individals collected from the 2010-sairvey, which is roughly
comparable to our estimate of 2264 individuals surveyed in 1970s. Lemma color is often
described as having a variety of Adistincto
black, gray, yellow, and wte) (Coffman 1964)However most past publications
stemmi ng fr om Aleboaize (byeye) thealdimma eokait of x. c a 't
barbataas binary: gray/light vs. black/darkdmittedly, using a quantitative assayyna
have been more objective, butinordertk eep met hods c growilstent wi
also judged lemma color as a binary trait after returning from the field, by eye. For our
Californian collection, | used two extreme examples of lemma color frofiretdeas our
base for categorizing an individual déds | emma
our standard for light lemma, and an individual from Malibu as the standard for dark

lemma (Fig. 4.1).

Figure 4.1 The two standards used to assign ddigha lemma color to Californian
individuals.
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4.3.2 QTL mapping of traits in the RILs

Recombinant inbred lines (RILS) were bi&hrdner and Latta 2006pm a
cross between classic mesic and xeric parent genotypes, with propagation in later
generatios by single seed descent (minimizing selection) for past experimental work on
the genetic basis of fithefisatta et al. 2004)l used these to map QTL underlying the
trait of lemma color. In the IRs, | used four sets of each of the mesic and xeric ecotypes,
including the original xeric mother (X189) of the RILs as a baseline for color assessment
of 180 RILs. RILs from individuals within the same line from the F6, F7, and F8
generations were compt to ensure that lemma color was a-toueeding character. As
a general note, | also observed that lemma color did not vary among seeds within an
individual RIL genotype, nor among seeds from an individual collected from the field.

502 genotyp#y-sequene (GBS) markers were available (Latta, unpub.) and
were generated by an established prot@oland et al. 20123long with 129 AFLP
markergLatta et al. 2010for A. barbataRILs. These 631 makers were used
concurrently in establishing the heritable basis of the traits of lemmaarador
pubescence in 94 of the F6 RILs. These data are a smaller subset of the 180 RILs with
complete genetic map (AFLP and GBS) data and phenotypic data. The ~ 90 remaining
RILs have only AFLP data available for them, but are currently being screened v8th GB
markers. At present, this genetic map is provisional and linkage group numbers differ
from the ones originally presented in Gardner & Latta (2006).

An observed 3:1 ratio of dark lemma:light lemma and pubescent leaf
sheaths:glabrous leaf sheaths in the&eration of the RIL cross, and suggests an
epistatic mode of inheritance in both traitéith heterozygotes being produced from a
cross a 3:1 ratio would imply that one gene underlies each of the traits. However, with F6
RILs (which are homozygotes dterepeated selfing) naobserved 3:1 ratio of two
phenotypes (e.g. dark vs. light) would imglveral loci, i.e. an epistastic or a threshold
trait modelact to produce each of the traits.

| performed composite interval mapping (CIM) and considered a sipigle
mo d e | as a preliminary o6first pass6 in searc
color. Because of suspected underlying epistasis, -@itwensional sca(Broman et al.

2003; Arends et al. 201@xross all markers in the genomic magsvperformed to
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explore any interactions between pairs of loci. Permutation tests (n =1000) as described
by Churchill and Doerge (1994) were used to ascertain statistical significance of a QTL
location for both the one and the two dimensional genome dahes. considered a
multiple-QTL model, performing multiplentervatmapping (MIM) and searched for loci
associated with lemma color and leaf sheath pubescence. In exploring the multiple QTL
model, | dropped one locus at a time and compared (using maxikelimood) the

reduced model to the full model to assess the percent of phenotypic variation explained
by each locus on its own, and the interaction between them. Howeveiyaheep used

in assessing significance for both traits in the MIM QTL modelbased on pointwise

tests on markers of interest, whereas thedimrensional scan tests all pairs of markers
across the genome. All QTL mapping analyses were carried out using the R package
6r gt | é0(Broman et &.2003; Arends et al. 201@hich runs in the R core

environment.

4.3.3 Statistical analys of phenotypic data

As a coarse initial analysis, | examined whether both single trait frequency
observations differed significantly from each other in both time periods usingample
proportionc?i tests on a statewide level, i.e. treating samptes Gites as independent
on a statewide level. Using the same test, | also determined whethetraitulti
combinations (under the assumption of linkage equilibiisee further section in
methods) changed significantly over time.

Data of past studiesoféeh geogr aphi c distribution
lab and our own cpDNA work (see Chapter 2) suggested the existence of €shiattth
latitudinal cline in California. Additionally, leaf sheath pubescence data in 2010 revealed
a NorthSouth cline (Laa unpub.), with populations fixed for glabrous leaf sheaths and
dark lemma color (xeric type), and chloroplast xeric haplotypes (see Chapter 2) being
mostly confined to southern California. | fit generalized linear mixed models to the data
to infer whethethe latitudinal cline in the relative frequency of light lemma color had
shifted between time periods of survey collection. All models were fit witlaékage
0|l me 4 67 (Bates efLal. 2013). Individuals within a site were treated as non

independenbbservations since samples from the same site are not indepgcidawn
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from the entire stat@.e. not true replicates), and the intercept (site frequency of lemma
color) varied freely between sites as a random effect. Latitude was then added to the
models as a Ked effect (model statement with fixed effects below):

Frequency of Light Lemma ~ Latitude Fime Period + (1|Site)

| first considered datasets collected at the two different time periods (1970s vs
2010) separately, and then merged both datasets and added time period of survey as a
fixed effect. As repeat measures of the same sites were made, time period is ateithin si
variable. Past observations suggest that genotypes with mesic traits may represent a
second introduction to California (Ch.2), and genotypes with mesic traits were rarely
observed outside the San Francisco Bay Area (latitueg83%) in California(Allard et
al. 1972; Clegg 1972; Miller 197.7)

4.3.4 Simulation of change under neutral expectations

Observe changes in trait frequencies over a short period of time, could also be the
combined result of occasional recombination (as previously obsery¢edarbatg and
random genetic drift (the efficiency of which is increased in small populations).
Consequently, | simulated the expected distribution of each character (starting with the
observed frequency in the 1970s) under drift alone over 40 generations. &Mmulat
distributions expected under drift starting from frequencies observed in 1970s were then
compared to observations made from theurrey in 2010.

To more accurately estimate the approximate starting frequency of each trait in
the simulations, colleain sites were grouped together according tedegree bands of
latitude. | chose this option of spatially grouping sites by latitude, as many of the past
collections at certain sites (especially
difficult to accurately estimate the frequency of each trait. Starting frequencies of each
trait were averaged within bands of latitude.

For each simulation, | set the outcrossing rate at 0.02, and kept the population size
constant at 1000 individuals. | modelée@ inheritance of each trait as if it were
controlled by two epistatic loci (see results in QTL section for how each trait is
inherited). Migration was not considered in our simulationg\.dsarbatais highly

selfing, and as such pollen flow between gapans is limited, and while seed migration
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between populations may occur, | expect it to be relatively rare between distant
populations over 40 generations. Additionally, | did not consider mutation, as mutations
occurring within the 40 generations ag¢ tloci underlying the traits of interest would be
rare. Thus, the only potential new source of genetic variation moving forward in time in
the simulations was the shuffling of genotypes via occasional 2% outcrossing. | used
Fi sher ds met h ocdmbifecalalatedrprokaléiliBe? across mdependent
bands of latitude, and evaluated the null hypothesis that average observed 2010 trait
frequencies do not differ from the simulated distributions expected under drift and
occasional recombination. All sifations were performed in the R v. 3.1.0 core

environment, and the script to run a basic simulasgrovided in Appendix.3

4.3.5 Assessment of potential recombinants in California

As pubescence was only recorded as aggregated counts for awitd, nat identify

multi-trait morphotypes directly. However, the frequencies of two phenotypic traits from
both 2010 and the 1970s, lemma color and leaf sheath pubescence, allowed us to estimate
morphotype combination frequencies of all sites at both pien®ds (Supp Table 1).

Under the assumption of linkage equilibrium, estimates of morphotype frequencies were
obtained by multiplying the frequency of pubescence or glabrousness recorded at a site

by the frequency of observed dark or light lemma indivisluial general, most of our

sites were fixed for at least one trait: in 2010 there were 82 sites, and in the 1970s there
were 79 sites where at least one trait was fixed in the population, so the estimate is likely
to be accurate. For example, if at a #itere was a 0.5 frequency for dark lemma and a
frequency of 1.0 for site pubescence, | multiplied 0.5 * 1.0 = 0.5, i.e. | estimated that half

of the individuals at that site had dark lemmas and were also pubescent. However, the
assumption of linkage equiliium is likely not conservative enough for polymorphic
populations for both traits, as | expected dark lemma color to be disproportionately
associated with glabrous | eaf sheath (the
1970s was 0.15 glabroasid 0.74 individuals had a dark lemma (Supp table 1b). At most,
0.15 individuals were both glabrous and dark, (the xeric morphotype) with remaining

0.59 dark individuals having pubesecent leaf sheaths. Under linkage equilibrium

(multiplying glabrous and dk frequencies) this would yield 0.11 dark and glabrous, and
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0.63 dark and pubescent individuals. The true genotype frequency lies somewhere
between these two estimates, but because the majority of sites had a least one trait fixed
or not very much differece between the two extremes, | assumed linkage equilibrium.
The direction of change was then estimated in the #iraitifrequencies, to determine
whether individuals with classic trait combinations increased or decreased relative to

recombinant morphope combinations.

4.4 Results

4.4.1 QTL mappingf heritable traits

The initial onedimensional scan detected two QTL associated with lemma color on
linkage groups (LG) 2 and 10 (Fig. 4.2). For leaf sheath pubescence, tHenamsional
scan also detectedio QTL, LG 1 and 8 (Fig. 4.3).

For QTL associated with lemma color, the tdimensional genome scan across
all pairs of markers for 94 individuals with complete phenotypic, GBS, and AFLP data
revealed that the two inferred QTL on LG 2 and 10 actedia€elyit LOD significance
threshold for additive model = 15.37nL.000 permutation tests). No experimanse
significant LOD scores for epistatic interactions were detected for thresholds established
with permutation tests (Fig. 4.4). However, when the p@QTL at LG 2 and 10 was
examined exclusively, | found that the full model explained 55% of variance in the
phenotype (Table 4.1). The comparison of each locus and the interaction between the two
loci to the full model revealed significant contributi@nphenotypic variance for all
model terms (Table 4.1) including the interaction term, which explains 4% of the
observed phenotypic variance in lemma color. The significant interaction term lends
support to an epistatic model of inheritance for the tfdgérama color. If an individual
has all mesic alleles at markers close to both QTL, it will likely have the light lemma
phenotype, but if it has even one xeric allele at either QTL it is more likely to have the
dark lemma phenotyp@r more simply, aabb ges light lemma, the other three double
homozygotes give dark lemm@ne other interesting finding of note is that the QTL on
LG 10 for lemma color occarvery close to a QT&ignificantly associated with mean
fitness in the RILs in the fiel(Latta et al. 2010)
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For pubescence, the tweimensional genome scan across all pairs of arark
locations for 86 individuals with phenotypic data (8 individuals were dropped due to
missing data) also revealed two QTL that acted additively on LG 1 and LG 8 (LOD
significance threshold for additive model = 18.4, n = 1000 permutation tests) in
influencing leaf sheath pubescence (Fig. 4.5). As with lemma color, no significant LOD
scores for epistatic interactions were found when all pairs of marker locations in the
genome were considered. With the QTL model constructed with Miid full model
explaina 66% of variance in the phenotype of leaf sheath pubescence (Table 4.1). The
comparison of each locus and the interaction between the two loci to the full model
revealed significant additive contributions for each marker close to the QTL to explaining
phenotypic variance in pubescence, but despite the observed 3:1 ratio of pubescence to
glabrousness in the F6 RILs the interaction term was not significant (Table 4.1).

LOD score (Lemma color)
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Figure 4.2.0D plot of linkage group(s) associated with lemma color (LG 2 and 10) in
the RILs carried out using CIM. Hatched blue, orange, and red lines avfisctdar U-

values = 0.2 (LOD = 2.48), 0.05 (LOD = 3.18), and 0.01 (LOD=3.89) thresholds based
on 1000 permtation tests.
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LOD score (Leaf sheath pubescence)
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Figure 4.3LOD plot of linkage group(s) associated with leaf sheath pubescence (LG 1
and 8) in the RILs carried out using CIM. Hatched blue, orange, and red lines-affs cut
for Uvalues = 0.2 (LOD = 2.60), 0.05 (LOD = 3.31), and 0102 = 4.26) thresholds
based on 1000 permutation tests.
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Figure 4.4Heat map of twdocus genome scan LOD scores with linkage groups
(chromosomes) of interest for lemma color. The upper left triangle and left scale bar
indicate LOD scores whenteraction between loci is considered. The bottom right
triangle and right scale bar indicate the LOD scores of the full model.
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Figure 4.5Heat map of twdocus genome scan LOD scores with linkage groups
(chromosomes) of interest for pubescence. Tgpeuleft triangle and left scale bar
indicate LOD scores when interaction between loci is considered. The bottom right
triangle and right scale bar indicate the LOD scores of the full model.
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Table 4.1 LOD score, % phenotypic variance explained, amdvpee chisquare pvalue
significance of markers closest to QTL for both traits, using MIM.

Model or marker df LOD score % Variance c2 p-value
combination explained

Lemma color (n = 94)

Full model 3 16.37 55.16 <0.001
LG 2 @ pos 98.5 cM 2 11.44 33.71 <0.001
LG 10 @ pos 2.0 cM 2 8.59 23.45 <0.001
Interaction 1 1.77 4.067 0.004
Leaf Sheath (n =86)

Full model 3 19.88 65.52 <0.001
LG 1 @ pos 12.2 cM 2 11.09 27.98 <0.001
LG 8 @ pos 49.1 cM 2 13.07 34.93 <0.001
(leaf sheath)

Interaction 1 8.45e06 0 NS
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4.4.2 Change irobserved frequency a&ingletrait(s) andtrait combinations from 1970

2010

Both pubescence and light lemma increased significantly in overall frequency from 1970s
to 2010, whereas the frequency of glabrmss and dark lemma decreased significantly
(Fig. 4.6). The overall observed frequency change in leaf sheath pubescence/
glabrousness was 2x greater than the change observed in light lemma color. The
frequency of pubescence changed from 0.254 in the 1070582 in 2010j(° = 499.74

p < 0.0001), and the frequency of light lemma color increased from 0.215 in the 1970s to
0.327 in 2010j(* = 138.58 p < 0.0001)

For morphotype combinations there was a significant increase in the frequency of
the classianesic trait combination (pubescent and light lemma), and the pubescent leaf
sheath and dark lemma combination (Fig. 4.7). The frequency of the mesic morphotype
combination changed from 0.172 in the 1970s to 0.354 in 301:0499.74 p < 0.0001),
and therequency of the dark and pubescent morphotype increased from 0.082 in the
1970s to 0.227 in 2019 { = 138.58 p < 0.0001)Changes irthefrequency for the mesic
morphotype and the dark pubescent morphotype did not significantly differ from each
other (Rg. 4.7).
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Figure 4.6Barplot of trait frequencies for light lemma and pubescence in 1970 and 2010
and their standard errors (SE).
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Figure 4.7Barplot of frequencies of morphotype trait combinations in 1970 and 2010 and
their standard errors (SE).

Frequency of morphotype combination

For each time period examined separately, latitude was associated with the
frequency of light lemma (Fig. 4.8, Table 4.2). The cline was further north in the 1970s
than in 2010, indicating that the trait of light lemma has moved toward more southerly
latitudes since the 1970s. The greatest improvement in AIC and model deviance for each
decade occurred with latitudelative to the base mod@lable 4.2). There was still a fair
amount of uncertainty around the estimated fixed effect of latitude for botlipérnoels
(Fig. 4.8). However, when data from both time periods were combined, and decade added
to the model as a fixed effect, the result was a much lower AIC (Table 4.2), which
suggests that the shift in cline through time for light lemma frequencyhyhig
significant €2=179.65, df =1, p < 0.001).
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Figure 4.8Binomial logistic regressions of the frequency of light lemma color at sites
against centered latitude. Blue lines and upward triangles represent sites in the year 2010,
and red lines and dowvard triangles sites the 1970s. Hatched lines are the 95%
confidence intervals as calculated from probability density function of the logistic
distribution.

4.4.3Simulating random genetic drift with occasional outcrossing
In the absence of selectionnse change in the frequency of each trait would still be
expected due to occasional recombination and random genetic drift. Thus, the spread of
the distribution of simulated trait frequencies is the range of expected outcomes under
drift and this occasionakcombination. At all but two bands of latitude examined, (in
southernmost regions of California where there was almost no variation to begin with) the
observed change in frequency from 192040 differed from the expectations of neutral
change for botlraits (Figs. 4.9 & 4.10).

Not only did observed 2010 frequencies for traits associated with mesic ecotype
differ significantly from the simulated drift distributions; the observed frequencies shifted
in the same direction in each band of latitude, sthiftethe same direction as predicted

by previous common garden results, and fell outside the distribution of outcomes

expected under dri ft (Figs. 4.9 & 4.10).
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probability these changes were due drift was miiescfor both traits: light lemmacg =
63.25, p = 1.47€7) and pubescence?= 73.10, p =2.84e09). This provides evidence

that selection, and not drift is largely responsible for the observed trait changes for sites at
latitudes greater than 35.0 N California.
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Figure 4.9Frequency of light lemma observed at each band of latitude group in
California for both time period, and distribution of expected frequencies simulation
results (grey shaded region and blaeg underlying shaded grey region). Solid lines
represent observed frequency of light lemma in the 1970s, and dashed lines represent
mean frequencies observed in 2010.
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Figure 4.10Frequency of pubescence observed at each band of latitude group in
California for both time period, and distribution of expected frequencies simulation
results (grey shaded region and black rug underlying shaded grey region). Solid lines
represent observed frequency of pubescence in the 1970s, and dashed lines represent

frequendes observed in 2010.
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Table 4.2 Repeated measures ANOVA of generalized linear mixed models for both time
periods and combined time periods models of lemma color and latitude.

Model Time AlC Log- Deviance 2 c2 c2

Period likelihood df p-value
Site 2010 19915 -993.75 1987.5 - - -
Site + Latitude 2010 1946.5 -970.23 19405  47.03 1 <0.001
Site 1970 10245 -510.23 1020.5 - - -
Site + Latitude 1970 1013.0 -503.48 1007.0  13.49 1 <0.001
Site Both 36834 -1839.7 3679.4 - - -
Site +Latitude Both  3639.6 -1816.8 3630.8  45.74 1 <0.001
Site + Latitude + Both  3462.0 -1727.0 3448.7  179.65 1 <0.001
Time Period
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4 5 Discussion

There were considerable directional shifts in the frequency of both traits statewide since
the 1970sTherewas an increase in singlait frequencies associated with the mesic
genotype: light lemma and leaf sheath pubescence. The classic xeric traits of dark lemma
and glabrous leaf sheath, which once occupied close to 60% of sites (monomorphic for
these traitsin California in the 1970s, are being displaced. The change in the frequency
of light lemma and pubescence are in the direction as predicted by the previous common
garden experiment carried out in the fi@ldtta 2009)

Both polymorphic traits also have an underlying genetic basis, and are heritable
with two QTL underlying each trait. These traits probably have an underlying epistatic
model of inheritance, but strong epistasis could not be confirmed with the smalldr subse
of data used in this analysis (see methods). More GBS data from the complete set of RILs
originally used in the experiments of 26RP307 is needed in order to firmly establish
epistatic inheritance, and this is in queue for the near future.

In the absece of selection, under the model of epistatic inheritance (with only
occasional recombination and random genetic drift to influence change in frequency)
there should be an increase in both the frequency of dark lemma and pubescent leaf
sheaths. This is baase under occasional recombination and genetic drift, both dark
lemma and pubescent leaf sheaths are produced 3:1 over light lemma and glabrous leaf
sheaths. In any case, the change in light lemma color is in the opposite direction of what
would be predited under drift (it increases in the field), and further the observed
frequency in the field lies outside the distribution of expected outcomes in the
simulations. The change in pubescence is in the predicted direction, but significantly
greater than thexpected change in frequency under drift. Based on these simulation
results, neutral processes do not explain the observed changes in trait frequencies, and
selection remains the primary evolutionary force responsible faeogorary change in
California.

It is particularly remarkable that these observations are directly in line with
predictions from earlier common garden experiments where mesic had highest fitness in

the field(Latta 2009) and certain RILs had highest fitness in novel environments
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(glasshouseJohanseiMorris and Latta 2006; 2008 owever, it § unlikely that there

was selection directly for light lemma color and leaf sheath pubescence. Instead, light
lemma and pubescent leaf sheaths merely serve as markers for tracking the spread of the
mesic genotype, and mesgcombinant genotypes.

It is interesting to note that one of the QTL for lemma color occurs close (within
3cM) to a QTL for RIL fitness in the fielfLattaet al.2010) and is suggestive of linkage
disequilibrium (LD). The mesic allele at this QTL is associated with light lemma and
higher mean fitness (than those RILs with the xeric alléd@pendix 3. As thereas only
occasional recombination fé. barbata LD for these two QTL would only breakdown
once a new genotype arrived in a population. Otherwise under high selfing, this
association would likely be maintained as a positive genetic correlation through time
allowing lemma color to be dragged along by hitchhiking.

As stated in the introduction, there was nsogato hypothesizihat either
morphological marker was the direct target of selection, and a brief selection gradient
analysis with mean fitness dadf the RILs from the mulyear common garden
reciprocal transplant experiment, shows no association betweanfitness and
pubescencaor light lemma colar

Speculatively, it was observed that individuals with light lemma color appear to
have largereed sizes than dark lemma individuals, but no formal measurements were
made with the RILs or accessions collected from the field in 2010, nor are the seed
collections from 1970s available. Seed size has been observed to be associated with seed
color in thecommon beaiiSax 1923)and it is known that large seed size can have a
substatial effect on fithesgStanton 1984)However, this conjecture must not go too far,
as the relationship between seed (offspring) size and fithess may be quite complicated
(Rollinson and Hutchings 2013)

Under linkage equilibrium, individuals with a dark lemm@and pubescent
phenotype combination have increased from their initially low frequencies since the
1970s. Increases in both dark lemma and leaf sheath pubescence are predicted under
occasional recombination due to the suspected epistatic QTL modelHdrditd. Past
work with RILs suggested that novel recombinants have higher fitness in novel

environments, and thus could be spreading throughout Calif@wii@nsesMorris and
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Latta 2006; Johnson et al. 200Bjowever, this spread cannot be differentiated from
selection for a novel recombinant over and above the selective spread ofikeeséits.

There were two bands of latitude where almost no change in frequency occurred
for either trait. These populans were at the southernmost extent of both geographic
surveys, where most populations are fixed for traits associated with the xeric genotype.
Southern California may have been the site of the initial introduction and founding
population during the Spat missionary period. Following this introduction, genotypes
with dark lemmas and glabrous leaf sheaths likely spread northward, with the statewide
mean frequency for the dark and glabrous trait combinations being close to 0.78 in the
1970s (Supp. Matetid). Since the 1970s, the latitudinal cline has shifted through time
with the dark lemma moving further south. The shift in cline suggests a possible second
introductian of genotypes with light lemmnteas occurred in the North (close to the
latitude of SarkFranciscd a major port), and spreddeither displacing genotypes with
the dark lemma due to selection or recombining with them as seeds migrated.

Aside from natural selection there are few possibilities that can explain such a
large increase in the f@ency of genotypes with mesic traits at latitudes greater than
35.0 N. One remote possibility is that the seed bank at many sites has been built up by
past migration events and these genotypes have recently emerged in the4fapt &S
increasing the gnetic diversity in Northern California. This increase in genetic diversity
via the seedbank has been observed in another Californian &iataé springvillensis
(McCue and Holtsford 1998\vhose seed bank contains seeds from multiple cohorts that
persist for multiple years. Another possibilisythat of idiosyncratic or asymmetric
migration events, where extreme propagule pressure has increased the density of
individuals of one or two types so much so that in our 2010 survey as the most frequent
morph that was present at the site in the 197@snot detected. It cannot be known
whether these scenarios occurred nor where, and both are perhaps plausible for a few of
the sites, but very improbable for over a hundred sites in California.

Overall, it is the large geographic scale of this adapinange that is both
notable and unique. Few studies examining selection have had access to historical
datasets like those @&f. barbatapopulations in California, and studies that do have

access to large temporally detailed datasets have been confsmdlter geographic
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areas such as islan@iSrant and Grant 1993; Milner et al. 1999; Grant and Grant 2002)

or a small pondCousyn et al. 2001pr have focused on oiferanks et al. 200®r afew

sites across a wide geographic ra(@arroll et al. 1997)The only other study to have
estimated selection on a heritable character over a short time period in a large geographic
range ar e Ke KettleweWd®36; Cook 20000 Mathson and McVean

2013) While the unidirectional shift in two heritable characters is conspicuous, these
changes in frequency are not beyond the realm of modest selective pressures that have
been commonly reported in the literee (Kingsolver et al. 2001; Kingsolver and

Diamond 2011)Ovwerall, the shift observed for leaf sheath pubescence (+32.7%) was
over 2x greater than the shift toward light lemma color (+16.0%). In conclusion, this
study may have be the first to have characterized an adaptive change in genotypic
frequency in two chacders, in wild populations, over a relatively short period (40
generations), and throughout a very large geographid arearly the entire state of

California.

90



4.6 References

Allard, R.W., G. R. Babbel, M. T. Clegg, and A. L. Kahler. 1972. Evidence for coadaptation in
Avena barbata. Proc. Natl. Acad. Sci. U.S.A. 69:334248.

Arends D, Prins P, Jansen RC, Broman KW (2010) R/qtl:-thighughput multiple QTL
mapping.Bioinformatics26, 2990 2992.

Broman KW, Wu H, Sen S, Churchill GA (2003). R/qgtl: QTL mapping in experimental crosses.
Bioinformatics 19, 889-890.

Carroll SP HendryAP, ReznickD, Fox CW (2007)Evolution on ecological timscales.
Funcional Ecology21, 387 393.

Carroll SPDingle H, KlassenSP(1997)Genetic differentiation of fithesassociated traits
among rapidly evolving populations of the pbarry bugEvolution51,1182 1188.

Clegg MT (1972 Patterns of Genetic Differentiation in Natural Populations dfl\@ats.
University of California, DavisDoctoral Dissertation.

Clegg M, Allard R (1972) Patterns of genetic differentiation in the slender wild oat species
Avena barbataPNAS 69, 1820 1824.

Coffman FA(1964) Inheritance of morphologic charactersfimena Technical Bulletinl308.
US Dept. of Agriculture.

Cook L(2000)Changing views on melanic mottgiological Journal of the Linnean Society
69,431 441.

Cousyn C, DeMeester L, Colbourne JK, Brendonck L, Verschuren D, Volckaert F (2001)
Rapid, local adaptation of zooplankton behavior to changes in predation pressure in the
absence of neutral genetic chandd8AS98, 6256 6260.

Davey JW HohenlohePA, EtterPD, BooneJQ, Catchen]M, BlaxterML (2011) Genomewide
genetic markerdiscove®nd genotyping usingnegeneration segncing.Nature Reviews
Geneticsl2, 499 510.

Dobzhansky T, Levene H (1948) Genetics of natural populations. XVII. Proof of operation of
natural selection in wild populations Bfosophila pseudoobscur&enetics33, 537%547.

Franks SJSim S,WeisAE (2007)Rapid evolution of flowering time by an annual plant in
response to a climate fluctuatidPNAS104, 1278 1282.

Gardner KM,LattaRG (2006)Identifying loci under selection across contrasting environments
in Avena barbataising quantitative trait lo@umappingMolecular Ecologyl5, 1321 1333.

91



Grant BR,GrantPR (1993)Evolution of Darwin's Finches Caused by a Rare Climatic Event.
Proceedings of the Royal Society B: Biological Scie@8d4s111i 117.

GrantPR,GrantBR (2002)Unpredictable Evolution in a 3@ear Study & Darwin's Finches.
Science296, 707 711.

Hutchinson ES (1982) Genetic Markers and Ecotypic Differentiatidxveha barbatdott ex
Link. University of California, Davis. Doctord&issertation.

JohanseiMorris AD, LattaRG (2008)Genotype by environment interactions for fitness in
hybrid genotypes oAvena barbataEvolution62, 573 585.

JohanseMorris AD, LattaRG (2006)Fitness consequences of hybridization between ecotypes
of Avena barbatahybrid breakdown, hybrid vigor, and transgressive segregdiaution
60, 1585 1595.

Johnson MTJDinnageR, ZhouAY, HunterMD (2008) Environmental variation has stronger
effects than plant genotype on competition among plant spdoigsal of Ecolog\o6,
947 955.

Kettlewell H(1956)A Resume of Investigations on the Evolution of Melanism in the
LepidopteraProceedings of the Roy&8bciety of London SeriesI#5 297 303.

Kingsolver JDiamondS (2011)Phenotypic selection in natural populations: whaith
directional selectionAmerican NaturalisiL77, 346 357.

Kingsolver JHoekstraH, Hoekstral, BerriganD, Vignieri S, Hill C, HoangA, GibertP, Beerli
P (2001)The strength of phenotypic seliect in natural populationg\merican Naturalist
157, 245 261.

Latta RG (2009) Testing for local adaptation in Avena barbata: a classic example of ecotypic
divergence. Molecular Ecolody8, 37813791

Latta RG, Gardner KMStapledDA (2010)Quantitative trait locus mapping of genes under
selection across multiple years and siteAvana barbataepistasis, pleiotropy, and
genotypeby-environment interaction§&eneticsl85 375 385.

Latta RG,MacKenziel,VatsA, SchoerD (2004)Divergenceand variation of quantitative traits
between allozyme genotypesAfena barbatdrom contrasting habitatdournal of
Ecology92, 51i 71.

Mathieson |, McVean G (2013) Estimating Selection Coefficients in Spatially Structured
Populations from Time Series Data of Allele Frequencenetics193 973984.

McCue K, Holtsford T (1998) Seed bank influences on genetic diversity in the rare annual
Clarkia springvillensis (Onagraceag&n. J. Bot85, 30-36.

92



Miller, R. D. 1977. Genetic Variability in the Slender Wild Oat Avena barbata in California.
University of California, DavisDoctoral Dissertation.

Milner JM, Albon SD, Illius AW, PembertordM, Clutton-Brock TH (1999)Repeated selection
of morphometridraits in the Soay sheep on St Kildaurral of Animal Ecology8, 472
488

Pdand JA, Brown PJSorrellsME, Jannink JL(2012)Development of HigiDensity Genetic
Maps for Barley and Wheat Using a Novel Fenzyme Genotypingpy-Sequencing
ApproachPLoS ONE7, e32253.

Reznick D,GhalambotCK (2001)The population ecology of contemporary adaptations: what
empirical studies reveal about the conditions that promote adaptive evolEioetica
112113183 198.

RollinsonN, Hutchings JA (2013)he rehtionship between offspring size and fitness:
integrating tleory and empiricisnEcology94, 315 324.

Sax, K (1923)The association of size differences with seedt pattern and pigmentation in
Phaseolus vulgari$senetics3, 552 560.

Stanton ML(1984) Seed variation in wild radish: effect of seed size on components of seedling
and adult fitnes€cology65,1105 1112.

93



Chapter 5 A refutation of the reproductive economy hypothesis

5.1 Abstract

Under crowded conditions, plant populations typicahhibit L-shaped distributions of size.

The hypothesisdir epr oduct i ve thatsntenmyydlangsremg@rosmal sand
suppressed in these populations, more offspring for the next generation come from smaller plants
than from large plants, artderefore that the ability to reproduce while still small is favoured

over the ability to become large. | tested this idea using four years of field data at two sites in
California, USA from an experiment with the annual gragsna barbata Despite stngly

skewed size distributions, the frequencies of the genotypes giving larger size always increased
between parents and offspring while those of the smallest size class decreased. Directional
selection gradients were also always positive and significah¢ating that natural selection

indeed favours the few larger plants over their more numerous smaller neighbours. | develop a
simple model using exponential distributions of size within morphs that differ in their growth
potential and size thresholdrfieeproduction. This model shows that selection consistently

favours the morph with greater potential to become large, even if that potential comes at the cost
of a larger size threshold for reproductiddeither theempirical nor theoretical findings spiprt

the reproductive economy hypothesis.

5.2 Introduction

Size is usually positively related to fecundity in plants. Thus, bigger plants typically
contribute more offspring than smaller plants to the next generation (Harper 1977). However,
plant size istrongly affected by environmental conditions (e.g. competition, pathogens,
predation, drought). In crowded, competitive environments, plants typically stehaped size
distributions, with many more small plants than large plants.

Recently, Aarssen(08) has hypothesized that selectio
the ability of suppressed plants to reproduce despite small size. In support of this view,
Chambers and Aarssen (2009) noted that smaller, more abundant plants collectively contribute
more offspring to the next generation than the fewer, larger individuals in the population, and
interpret this observation as evidence that large size is not favoured by selection under crowded

conditions. Instead, they argue, natural selection favours plidints forego some growth (and
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hence reproductive potential) in return for a greater probability of reproducing at least some
seeds. Since crowded conditions are the norm for most plant populations they hypothesize that
this reproductive economy strate@arssen 2008, Neytchewaad Aarssen 2008) will be fanexl

in many plant populations. While it is certainly true that foregoing some growth, which is often
costly, in order to reproduce earlier can be an optimal strategy under some conditions; this does
not translate into natural selection favouring plants of smaller size. Rather, it is one example of
selection on a life history trad#f (e.g. Stearns, 1992)

Moreover, by focusing on the total contribution of offspring by a large pool of suppressed
smallpl ants, Aarssends (2008) reasoning conflict
Selection does not hinge on the class of individuals that contribute the majority of the offspring
in toto. Rather it is the phenotype that contributes more offggrer capitawhich will be
favored, because this drives the increase in frequency between generations (Fisher 1930; Endler
1986; Orr 2009). Because a large plant will typically leave more offspring than a small plant, the
progeny of large plants will makup a higher proportion of the progethgn did their parents,
even if this proportion is nevertheless still small.

To illustrate this idea consider the fecundity data presented by Chambers and Aarssen
(2009) forCardamine parvifloraacross individualsf different size. lit is assumd for
simplicity that all seeds are equally likely to germinate in the following growing seasecan
estimate the contribution of each size class to the next generation. Comparing Chambers and
Aar ssenos (azafdd®shows thaganange inkhe relative frequencies is increasing in
the largest class sizes and decreasing in the smallest class sizes (Fig. 5.1). This shows that
selection indeed favours larger individuals in this generation, despite the fact that sma
individuals are far more common. Inspection of the direction of change in the relative
frequencies for all 21 species examined in Chambers and Aarssen (2009) shows an overall
increased frequency of the largest class sizes and overall decreasedciredulea smallest

class sizes.
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Figure 5.1Selection on size i€ardamine parviflorgredrawn from Chambers and Aarssen

2009). Size distribution of parents (black ba
contribution to total fecundity (white bg). Values underneath the bars are the midpoint values

of each of the same ten size classes specified by Chambers and Aarssen (2009).

Here, | examine whether skewed size distributions support the reproductive economy hypothesis
in plant populations usintwo different approaches. Firstahalyzefield data from recombinant
inbred lines (RILs) of an annual gragsiena barbatdott ex Link (the slender wild oat) to
determine whether smaller or larger plants leave more offspring to the next generagion. Th
central advantage of using RILs here is that each individual belongs to one of 190 known
genotypes, allowing us to examine the change in genotype frequency between generations, and
hence the direction of evolutionary change.

Second, | use exponentiakttibutions to model selection on the tremfé between two
competing lifehistory strategies. | seek to determine whether the skewed size distribution
favours the morph which trades off some growth potential in order to reproduce at a smaller size

T i.e. the strategy described as reproductive economy.
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5.3 Methods
5.3.1 Avena barbata field data

Avena barbatdott ex Link (the slender wild oat) is a higidglfing annual grass that is
native to the Mediterranean and introduced to other Mediterrattieaate zone around the
world. Data for thenalysis were obtained from a study on local adaptation of the oats in
California, USA using a set of recombinant inbred lines (RILs). These had been created from a
cross between the moiassociated (mesic) drdry-associated (xeric) ecotypes described by
Allard et al (1972). Full details of the crossing and experimental design are given in Gardner
and Latta (2006) and Latta (2009).

Common gardens were established at two sitdspland (moist) and Sierra Bthills
(dry), and fitness was estimated in each of four growing seasons spanning a rangeanohudéer
variation (Latta 2009). Plants were sown into otherwise undisturbed vegetation from which they
were fully exposed to competition. The same numbeesdi genotype (RIL) were planted in a
randomized block design within each common garden plot. It is thus possible to compare each
genotypebs frequency among the parents to i
included years and sites adipicularly high (Hopland 2006) and low (Hopland 2004 and 2007)
viability, size, and fecundityA. barbataproduces seeds in spikelets, each containing twe self
pollinated seeds and the glumes are retained on the plant after the seeds have dropped allowing
them to be counted. The number of spikelets on an individual thus gives a good estimate of
lifetime reproductive output (Marshall and Jain 1969). | can therefore test whether genotypes of
large or small parents tend to increase in frequency in the eegtagion.

| began with a phenotypic analysis in which | included only those individuals that survived
to reproduce. Within each yesite combination | counted individuals within ten equal size
classes, spanning the rangeabbveround dry mass. Taatculate expected frequencies for the
next generation, | summed the fecundity of plants within each size bin, and then expressed these
as a proportion of the total fecundity across all size bins. | then compared the frequency of large
size classes amongetiparents to the frequency of their seeds among the progeny.

To examine the change in genotype frequencies (i.e., the response to selection) | used the
mean size of reproductive plants in each RI
thesemeans into ten size classes as above. The total number of seeds produced by each

genotype gives its contribution to the next generation. Since each genotype was sown into the
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gardens at an equal frequency, | can measure the total change in frequgecypfgpes of each
size class in the progeny. By comparing frequencies in the next generation to the frequency of
the genotypes at sowing, this measure of the response to selection includes any tendency for
some genotypes to survive to reproduce moreilsetichn others. Positive changes for a given
size bin would be indicative of selection favouring genotypes that tend to produce plants of that
size.

Finally, | assessed whether directional selection acts on size for eaditgeaymbination
by regresing the standardized above ground dry mass against relative fitness (Lande 1982). | did
this for phenotypic and genotypic medRausher 1992Wwhere a positive slope value for the

selection coefficientf) indicates natural selection favours larger gant

5.3.2 Theoretical simulations

| modeled selection under skewed size distributions, assuming an exponential distribution
of adult plant si zes. |l considered two strat
threshold, but in order to do,soregoes some potential to attain large size. Therefore
6economyd® morphs are drawn from an e&=poln/eant i a
wherel i s the rate parameter of the exponential d
morph Each morph reproduces if it exceeds a size threshold proportional to its mean (Fig. 5.2).
Fecundity is proportional to the amount by which the final plant size exceeds this threshold. The
fitness of each morph is the expected lifetime reproductiveessdntegrated over the

distribution of size classes.
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Figure 5.2Examples oexponential functions modeling thesdhaped size distribution used in the
simulation. Curves represent size distributions of potentially differerhist®ry morphs.
Corresponding vertical lines represents the minimum size threshold required for céiproatu

each morph. The individuals with sizes to the left of the vertical lines are those small individuals
that die without reproducing. = 2 represents a low average size and a low threshold for
reproduction] = 0.5 represents a large average simkalarge threshold for reproduction.

This modelis illustratedby simulating the case for= 1.100 (lower mean sizeeconomy)
andl =0.900 (larger meanfull size), setting the threshold for reproduction equal to the mean
size for each distributiorit wasassumd that reproductive plants produkseeds per unit mass
above the threshold size for reproduction (i.e., a plant 1 unit larger than the threshold groduces
seeds, where k is set large enough that the population can replace itself daspitedividuals
failing to reproduce). | simulated the seeds of 1000 plants, assuming for simplicity that seeds
were of the sae strategy as their parent. 1000 seeds sargled without replacement to
propagate into the next generation and recordedttaeges in frequency of the morphs over 50
generations, running 1000 independent simulations. All simulations were conducted in the R v.

2.1.12 base package (R Core Development Team, 28dd Appendix 4 for script)
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5.4 Results
5.4.1 Empirical

For every year, at each site, counts of individuals irAtHearbataplots were highly right

skewed toward plants of small size (Fig. 5.3). Consequently, the majority of the seeds were

derived from parents who fell in the smallest size classes. Howkegse progeny of small

parents made up a lower proportion of the progeny pool than the small plants accounted for

among the parents. The opposite was true of large plants. These accounted for only a small

proportion of either the population, or the spedl, but their relative frequency increased

between the parents and the progeny.
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pronounced right skew (Fig 5.4). As for phenotypes, the majority of the progeny had genotypes

associated with small plant size. However, the frequency of genotypes ppdomall plants

declined between parents and offspring while the frequency of genotypes producing large plants

(though fewer) increased in frequency. Additionally, all standardized linear selection gradients

are positive and largely significant (Table 5.Therefore selection clearly favours larger plant
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size, and increases the frequency of those genotypes that produce it.
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Figure 5.4 Distribution of genotypic mean sizeparent plants (black bars) and offspring (grey biars)
each year at site in 190 recombinant inbred lines. dfarbata Note different size scales-éxis)
than those displayed for phenotypes in Fig 5.3.

5.4.2 Theoretical

Exponential distributions have the property that a left truncated distributiontisean
exponential distribution with the same rate
of the size above the reproductive threshold is also exponentially distributed and has the same
mean as the distribution of the sizes themselves (F)g Siace fecundity is proportional to size
above this reproductive threshold, fecundities of the full size and economy morphs also have
means proportional to the mean size potential of each morph. In addition, if the thresholds are
proportional to the man size of each morph then the survival to reproduce is equal for the two
morphs, because an equal proportion of the individuals will fall above the threshold in each case.
Since an equal proportion of each of the morphs are reproducing, but the langleha® higher
mean fecundity, | expect the larger morph to have higher mean fitness. In other words, the lower
threshold for reproduction cannot offset the reduced potential for growth unless these two are

disproportionate to each othethat is, unlesghe difference between the reproductive thresholds
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of the two morphs is greater than the difference between their mean size potentials.
The results of our simulations indicated that the frequency of the full sized morph almost
always reached fixationp(1.0) in 50 generations in each of the 1000 simulated runs (Fig. 5.5).
The frequency op reached fixation on average after 24.3 generations. In eight runs which did
not reach fixatiorp was close to fixation by the B@eneration§2 0.98). In all cases, the right
skewed size distribution was evident throughout the run. As observed in A. barbata (Fig. 5.3),
the larger size classes increased in frequency, while the smaller size classes decreased. Because
the full size morph made uparger proportion of these larger size classes (Fig. 5.5, lower

panels), natural selection drove it to fixation.
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seeds per unit mass above the threshold for reproduction.

5.5 Discussion
Plant populations tend to consist of very many small plants and few large plants (Harper
1977),ad it is from this observation that Chambe

selection therefore undoubtedly favours | arge
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analyses show that despite persistentshiaped distributions for size, natusalection

nevertheless favours larger size plants under a wide range of conditions (Table 5.1). Relative
change between parents and offspring in phenotype and genotype frequencies was positive in the
larger size classes and negative for the very smaltkisses for every year site combination

(Figs. 5.3 and 5.4)This occurred despite a wide range of conditions experienced by the plants

in different years and at the different sites (Latta 200%e trait of above ground mass is a

target of natural settion inA. barbata with larger plants clearly being favoured across all-year

site combinations (Table 5.1).

Our simulations indicate that when fecundity is related to size, selection acts against plants
with lower size threshold for reproduction if that lower threshold is matched by a lower size
potential. Of course if the lowered threshold for reproductidesis than the reduced potential
for large size, then selection might well favour a morph showing reproductive economy. In the
extreme if a lower threshold for reproduction invoked no reduction in size potential it would
obviously be favoured by selectigihwould be tantamount to an increase in survival which,
ceteris paribusis advantageous). But if the traits are thus uncoupled, selection for the lower
threshold would in no way oweide or negate selection for large size as Aarssen (2008;
Chambers ath Aarssen, 2009) argues.

|l suggest that the hypothesis of #isterpr oduct
tradeoff, wherein selection favours large size, but size may be negatively associated with other
components of fitness. Increased siten comes at the cost of delayed maturity (Roff, 2001).
Reproductive econoniythe ability to produce at least some seeds even thoughisiadikely
the outcome of this tradeff, since selection presumably acts against plants which delay
reproducton indefinitely in order to grow larger. Alternatively, if growing larger entails a
greater risk of mortality, then the total reproductive success of genotypes with higher growth
might be outweighed by their lower survival. However, these are not taéndasbarbata
because genotypes with large size also show high survival and early flowering (Latta and
McCain 2009).
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Table 5.1Average above ground mass, average fecundity, percent survival, and the standardized linear satketits(8s) and
their standard errors (SE) on size for both phenotypes and genotypdsasbatafor each yeasite combination. Significant values
for 3s are indicated in bolt? < 0.00001

Site/Year Mean Mean Percent  Phenotypic Phenotypic Genotypic  Genotypic
Mass Fecundit Survival  Selection Selection Selection Selection (SE)
y 6 ) (SE) (b)
Hopland 0.494 8.6 75% +0.44* 0.015 +0.302* 0.008
2003
Hopland 0.344 6.2 6% +1.33* 0.066 +1.306* 0.05
2004
Hopland 4.506 83.3 82% +1.07* 0.011 +0.653* 0.008
2006
Hopland 0.096 2 15% +0.65* 0.034 +0.541* 0.028
2007
Sierra 1.015 18.1 97% +0.79* 0.01 +0.414* 0.005
2003
Sierra 0.374 7.9 55% +0.99* 0.021 +0.630* 0.013
2004
Sierra 1.401 30.1 83% +1.26* 0.022 +0.831* 0.015
2006
Sierra 0.218 55 48% +0.95* 0.014 +0.488* 0.009

2007




Other tradeoffs with size can be imagined. If highly fecund plants produced seeds
that were less viable, some optimal intermediate would be favoured (Smith and Fretwell,
1974). However this sizezumber tradeff applies only among plants with a similargb
of total resources and is not expected when high fecundity is the result of some plants
having greater resource acquisition (as in competitive scenarios) (de Jong and van
Noordwijk 1992; Rezniclet al.2000). Moreover, each of these potential tratfe are
entirely compatible with selection for large size under crowded or competitive conditions.

Whatever the outcome of these traudts, | must reemphasize that it is theer
capitacontribution of different genotypes or phenotypes to the next generation that drives
natural selection, and not the total contribution. Therefore the observations that most
plants are small (Aarssen, 2008) and most seeds come from small plants (Claauahbers
Aarssen, 2009) do not indicate selection. For any modest selection pressure (and selection
can act on very minor fitness differences), the more abundant phenotype will invariably
produce a greater total number of progeny. If this were the driving fiacadaptation,
novel advantageous morphs could never increase from their initial low frequencies.

Since rare advantageous traits clearly do increase in frequency, the total reproduction of a

common form does not imply that natural selection favoutsfdinan.
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Chapter 6  Conclusion

Biological invasions offer a unique opportunity to study contemporary evolution
and the process of adaptation. Much of the work in this field has focused on assessing
whether hybridization or recombination between multiple introductions of different
genetc variants promotes invasiveness in new geographic ranges and environments
(Ellstrand & Schierenbeck 2000; Schierenbeck & Ellstrand 20€f)ough
recombination may be one of the most important ways of generating novel adaptive
genetic combinations, successful invasion may also depend on the degree of niche
Aconservatismo or fAoverl|l apo bCaisawetaln t he nat i
2014). In my thesis, | evaluated the number of introductions of the highly selfing annual
grass A. barbatg to California, characterized the climatic niche in both ranges, and
assessed whether there was recombination and selection on two heritable characters.
Finally, | presented a study of selection on plant size using data collected fronm RILs
the field.

Multiple introductions of different genetic variants may help to alleviate the
effects of genetic bottlenecks often incurred by small founding populdBamsett &
Colautti 2008) Similar studies have shown that multiple introductions may be especially
important for outcrossing speci@Shunet al.2009) which may suffer more from
inbreeding depression than do selfers, sudh. émrbata(Husband & Schemske 1996)
Ploidy and genomic changes may also produce novel adaptive genetic varentsa
environment and contribute to invasiven@dable 2013) In the second chapter of this
thesis, | compared the genome size between invaders andAabiasata | found
evidence that there have been multiple introductions dfarbatainto California, and
that it is possible that recombination between different selfing lineages of smaller genome
size could occur in the new range.

Local adaptation and or divergent selection may occur on different geographic
scales depending on the scale of the differenc@dno - and macra environments
(Yoderet al.2014) In general, a large amount of climatic niche overlap has been
observed for plant species occupying nativeiamdded rangegPetitpierreet al.2012)

When there is niche overlap between invaded and native environments, selective
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pressures (at least the abiotic ones) are expected to be similar. Thus, adapted genotypes
ought to persist in both ranges so long as the founding populations contain the same
subset of the genetic variation found in the home range. In my third chdptand|

evidence thaf. barbataoccupies a different set of climatic conditions in its native
Iberianrange, compared to the climatic conditions that it occupies in California. This
result is in contrast to the conventional finding of climatic niche overtapniche
conservatism in plan{®etitpierreet al.2012; Guisaret al.2014) Further, it suggests the
possibility that evolution malge occurring inA. barbatapopulations within California.

There have been incredibly few studies documenting contemporary-teshm)t
evolution by selection in many populations over a large geographic area. Surveys of
genotype frequency taken at mulégime points provide the information necessary to
evaluate whether evolutionary change has been adaptive or neutral. Typically, datasets
containing information on genotype frequency have been confined to small geographic
spaces such as islan@@rant & Grant 1993; Milneet al. 1999; Grant & Grant 2002)
with one notable exception being industrial melanic morphs obsenBidton betularia
(Kettlewell 1956a)p; Cook 2000; Mathieson & McVean 2018) my fourth chapter, |
coupled datasets from the 1970s to my own and characterized how the frequency of two
heritable characters, lemma color and leaf sheath pubescence has changed. | found that
the frequency ghtcolored lemma and pubescence increased. This change was in the
direction predicted by a previous common garden experithatt 2009) and occurred
statewide.

It is challenging to ascertain whether changes in the frequency of genotypes or
morphs have occurred due to neutral versus adaptive processes. In the case of adaptive
evolution, it is equallghallenging to understand how selection has acted to shape the
distribution of phenotype observed in contemporary populatetassic example of
thisis with the Californian annualinanthus parryaevhere it was originally concluded
that the spatial distribution of flower color was the result of random genetic drift, but later
with evidence from reciprocal transplant experiments Schemske & Bierzychudek (2007)
demonstrated selection for each of thedest ecotypedMiost of the previous
observations from All arddéds group show strong

different micreand macreenvironments, yet past (Hamrick & Allard 1975; Jain and Rai
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1980) and more recent common garden expetisngmtta 2009) suggest that directional
selection was acting to favour one tyipthe mesic genotype acrassvironmentsBoth
study systems illustrate the fallacy of initially using patterns of population structure as
evidence for either neutral or adaptevolutionary change.

Based on the striking observation that there are many small plants and few large
plants it has been suggested in the literature that natural selection acts against larger
individuals(Aarssen 2007; Chambers & Aarssen 2008)s is a puzzling suggesting
given that there is generally a positive cottielabetween survival and fecundity and an
i ndi vi d({Chamliiess & Adrszea 2008)sing data from the same common garden
field experimen{Latta2009) and from simulations, | found evidence that genotypes of
larger parents produce more seed per capita than smaller parents.

Identifying the genetic and morphological characters that facilitate colonization
and invasion in novel environmentsnsportant forunderstanding the spatial distribution
of species and the evolutionary processes shaping those distributions. The studies
presented in my thesis contribute to our understanding of how genetic variation and
ecological factors influence the coleation and expansion of populations into novel
habitats. | found evidence that certain genetic variants are spreading in the introduced
range and that the invasive populations have changed morphologically over the past 40

years.
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Appendix 1a. Site coordinates from 2010, trdiequencies observed at a site, and estimates of morphotype combinations.

0ct

Code Lat Lon SS Pub 2010 Glab 2010 Dark 2010 Light 2010 Glab & Dark Pub & Light Pub & Light &
2010 2010 Dark 2010 Glab 2010
ARC 40.903 124.072 10 1.000 0.000 0.455 0.545 0.000 0.545 0.455 0.000
BEL 37.013 121.348 12 1.000 0.000 0.045 0.955 0.000 0.955 0.045 0.000
BER 38.499 122.121 48 0.063 0.938 0.957 0.043 0.898 0.003 0.060 0.040
BLF 40.421 122.191 17 1.000 0.000 0.176 0.824 0.000 0.824 0.176 0.000
BOD 38.32 123.035 58 1.000 0.000 0.259 0.741 0.000 0.741 0.259 0.000
BSR 36.214 121.747 12 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
CAL 35.281 118.624 11 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
CAS 34.507 118.603 8 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
CDR 38.578 122.529 49 0.980 0.020 0.571 0.429 0.012 0.420 0.560 0.009
CHI 38.501 122.353 49 1.000 0.000 0.333 0.667 0.000 0.667 0.333 0.000
CHO 35.711 120.31 15 0.867 0.133 0.500 0.500 0.067 0.433 0.433 0.067
CHP 38.585 122,57 49 1.000 0.000 0.143 0.857 0.000 0.857 0.143 0.000
CLR 39.042 122.341 8 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
COA 36.101 120.416 40 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
COM 39.269 123.643 41 1.000 0.000 0.250 0.750 0.000 0.750 0.250 0.000
Cuy 35.07 119.99 8 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
DAL 40.312 122.007 24 1.000 0.000 0.042 0.958 0.000 0.958 0.042 0.000
DLO 40.783 123.335 50 1.000 0.000 0.220 0.780 0.000 0.780 0.220 0.000
DMR 32.931 117.237 9 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
EDS 34.941 118.925 7 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
ELK 39.61 122.532 14 0.857 0.143 0.929 0.071 0.133 0.061 0.796 0.010
ETO 33.66 117.657 18 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
FID 38.487 120.805 50 1.000 0.000 0.560 0.440 0.000 0.440 0.560 0.000
FOR 40.6 124.17 9 1.000 0.000 0.778 0.222 0.000 0.222 0.778 0.000
GEY 38.712 122.882 75 1.000 0.000 0.620 0.380 0.000 0.380 0.620 0.000

GOR 34.794 118.842 10 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000




TZT

Code Lat Lon SS Pub 2010 Glab 2010 Dark 2010 Light 2010 Glab & Dark Pub & Light Pub & Light &
2010 2010 Dark 2010 Glab 2010
GUA 38.785 123.554 10 1.000 0.000 0.000 1.000 0.000 1.000 0.000 0.000
HIX 38.131 122.713 12 1.000 0.000 0.385 0.615 0.000 0.615 0.385 0.000
HKR 40.293 122.277 11 1.000 0.000 0.545 0.455 0.000 0.455 0.545 0.000
HOP 39.007 123.08 100 1.000 0.000 0.690 0.310 0.000 0.310 0.690 0.000
ING 40.756 122.026 10 1.000 0.000 0.100 0.900 0.000 0.900 0.100 0.000
ISB 35.643 118.463 10 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
JAK 38.36 120.745 16 0.625 0.375 0.375 0.625 0.141 0.391 0.234 0.234
JCT 40.725 123.05 16 1.000 0.000 0.063 0.938 0.000 0.938 0.063 0.000
JEN 38.498 123.208 37 1.000 0.000 0.135 0.865 0.000 0.865 0.135 0.000
JOL 35.963 121.185 14 0.429 0.571 0.857 0.143 0.490 0.061 0.367 0.082
KRN 35.467 118.755 9 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
LAL 34.78 120.315 50 0.500 0.500 0.930 0.070 0.465 0.035 0.465 0.035
LCS 34.41 119.366 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
LHD 40.888 122.384 10 1.000 0.000 0.000 1.000 0.000 1.000 0.000 0.000
LIK 37.329 121.681 86 1.000 0.000 0.372 0.628 0.000 0.628 0.372 0.000
LMN 36.406 119.055 11 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
LUC 35.999 121.47 27 0.111 0.889 0.920 0.080 0.818 0.009 0.102 0.071
LYT 34.261 117.499 14 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
MBU 34.041 118.892 40 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
MEN 39.24 123.181 11 1.000 0.000 0.091 0.909 0.000 0.909 0.091 0.000
MIL 37.028 119.702 10 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
MOS 37.528 122.513 17 1.000 0.000 0.647 0.353 0.000 0.353 0.647 0.000
MPS 37.46 119.943 11 1.000 0.000 1.000 0.000 0.000 0.000 1.000 0.000
MQR 35.555 120.888 11 0.636 0.364 0.727 0.273 0.264 0.174 0.463 0.099
MSH 38.18 122.909 40 1.000 0.000 0.214 0.786 0.000 0.786 0.214 0.000
NAC 35.998 121.383 16 0.875 0.125 0.250 0.750 0.031 0.656 0.219 0.094
NAP 38.209 122.187 8 1.000 0.000 0.125 0.875 0.000 0.875 0.125 0.000




cct

Code Lat Lon SS Pub 2010 Glab 2010 Dark 2010 Light 2010 Glab & Dark Pub & Light Pub & Light &
2010 2010 Dark 2010 Glab 2010
NAV 39.111 123.507 10 1.000 0.000 0.600 0.400 0.000 0.400 0.600 0.000
OAK 40.652 122.599 20 1.000 0.000 0.100 0.900 0.000 0.900 0.100 0.000
OMD 32.841 117.043 33 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
ORO 39.518 121.513 21 1.000 0.000 1.000 0.000 0.000 0.000 1.000 0.000
PAI 36.681 121.259 16 1.000 0.000 0.125 0.875 0.000 0.875 0.125 0.000
PAS 39.851 122.615 19 0.947 0.053 1.000 0.000 0.053 0.000 0.947 0.000
PAT 37.457 121.191 14 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
PFR 36.816 119.385 10 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
PIN 36.488 121.153 13 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
PJC 40.681 122.352 7 1.000 0.000 0.333 0.667 0.000 0.667 0.333 0.000
POR 36.026 118.922 11 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
PRB 35.589 120.7 9 0.667 0.333 0.600 0.400 0.200 0.267 0.400 0.133
PST 36.19 120.706 9 1.000 0.000 0.111 0.889 0.000 0.889 0.111 0.000
PYN 40.338 121.914 10 1.000 0.000 0.000 1.000 0.000 1.000 0.000 0.000
RBF 40.215 122.178 23 1.000 0.000 0.739 0.261 0.000 0.261 0.739 0.000
RED 40.613 122.355 50 1.000 0.000 0.250 0.750 0.000 0.750 0.250 0.000
REF 34.563 120.091 9 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
REY 38.081 122.96 6 1.000 0.000 0.000 1.000 0.000 1.000 0.000 0.000
RIC 40.032 123.784 20 0.950 0.050 0.333 0.667 0.017 0.634 0.316 0.033
SAD 39.183 123.754 16 1.000 0.000 0.750 0.250 0.000 0.250 0.750 0.000
SAN 38.218 120.69 14 0.286 0.714 1.000 0.000 0.714 0.000 0.286 0.000
SAR 36.012 120.924 40 0.725 0.275 0.395 0.605 0.109 0.439 0.286 0.166
SAU 37.836 122.488 10 0.600 0.400 0.688 0.313 0.275 0.188 0.413 0.125
SBA 34.462 119.771 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
SBR 34.184 117.329 6 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
SCL 33.428 117.61 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
SFH 39.234 121.295 58 1.000 0.000 0.086 0.914 0.000 0.914 0.086 0.000
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Code Lat Lon SS Pub 2010 Glab 2010 Dark 2010 Light 2010 Glab & Dark Pub & Light Pub & Light &
2010 2010 Dark 2010 Glab 2010

SFN 34.358 118.555 40 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
SGB 34.159 117.909 15 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
SIL 38.345 122.283 28 1.000 0.000 0.321 0.679 0.000 0.679 0.321 0.000
SJB 36.853 121.569 10 1.000 0.000 0.273 0.727 0.000 0.727 0.273 0.000
SLD 37.097 121.121 8 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
SLR 33.278 117.222 46 0.130 0.870 0.870 0.130 0.756 0.017 0.113 0.113
SMO 34.051 118.53 3 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
SMR 41.844 124.018 10 1.000 0.000 0.563 0.438 0.000 0.438 0.563 0.000
SMT 37.494 122.371 10 0.700 0.300 0.800 0.200 0.240 0.140 0.560 0.060
SMV 39.208 121.256 17 0.294 0.706 0.941 0.059 0.664 0.017 0.277 0.042
SNE 37.517 120.448 15 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
SNL 37.601 121.87 22 1.000 0.000 0.591 0.409 0.000 0.409 0.591 0.000
SON 38.237 122,514 11 1.000 0.000 0.091 0.909 0.000 0.909 0.091 0.000
SPR 36.572 121.741 6 1.000 0.000 0.429 0.571 0.000 0.571 0.429 0.000
SSM 35.646 121.192 14 0.714 0.286 0.286 0.714 0.082 0.510 0.204 0.204
STO 39.659 122.526 50 0.500 0.500 1.000 0.000 0.500 0.000 0.500 0.000
SUN 33.697 117.177 8 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
UKH 39.111 123.197 10 1.000 0.000 0.100 0.900 0.000 0.900 0.100 0.000
WEO 40.317 123.917 NA NA 0.500 0.500 NA NA NA NA

WLT 39.521 123.393 18 0.667 0.333 0.000 1.000 0.000 0.667 0.000 0.333
WOD 35.714 118.86 13 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000
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Appendix 1b. Site codes, coordinates from 1970s, meanftexjuencies observed at a site, and estimates of morphotype
combinations. Dist = inferred distance to collection site in 2010, By = M, C, or H (Miller, Clegg, or Hutchinson).

Code Date Lat Long Inferred Sample Pubescent Glabrous Dark Light Glab & Pub & Pub & Light & By
1970 1970 1970 1970 Dark Light Dark Glab
1970 1970 1970 1970

ARC 1972 40.883 124.083 24 5 1.000 0.000 0.000 1.000 0.000 1.000 0.000 0.000 M
BEL 1972 37.017 121.35 0.48 55 0.854 0.146 0.739 0.261 0.108 0.223 0.631 0.038 M
BER 1970 38.5 122.12 75 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 C
BLF 1972 40.417  122.183 0.81 10 0.900 0.100 0.000 1.000 0.000 0.900 0.000 0.100 M
BOD 1972 38.333 123.05 19 32 0.312 0.688 0.810 0.190 0.557 0.059 0.253 0.131 CM
BSR 1972 36.217 121.75 0.43 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
CAL 1972 35.3 118.6 3 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
CAS 1972 34533  118.633 4 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000

CDR 1977 38.575  122.533 0.48 20 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 H
CHI 1972 38.5 122.35 0.28 20 0.857 0.143 0.160 0.840 0.023 0.720 0.137 0.120 HM
CHO 1972 35.717  120.317 0.9 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000

CHP 1977 38.583  122.567 0.34 20 1.000 0.000 0.000 1.000 0.000 1.000 0.000 0.000 H
CLR 1972 39.05 122.333 11 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000

COA 1972 36.133  120.367 5.7 47 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 CM
COM 1977 39.283 123.65 17 20 1.000 0.000 0.018 0.982 0.000 0.982 0.018 0.000 H
Cuy 1972 35.083  119.983 16 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
DAL 1972 40.317 122 0.81 33 0.830 0.170 0.394 0.606 0.067 0.503 0.327 0.103 M
DLO 1972 40.783  123.333 0.17 20 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 HM
DMR 1972 32.933  117.233 0.43 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
EDS 1972 34.933 118.85 6.9 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
ELK 1972 39.6  122.533 1.12 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
ETO 1970 33.645 117.655 81 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 C
FID 1970 38.5 120.798 62 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 C
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Code Date Lat Long Dist Inferred Sample Pubescent Glabrous Dark Light Glab & Pub & Pub & Light & By
Size 1970 1970 1970 1970 Dark Light Dark Glab
1970 1970 1970 1970

FOR 1972 40.6  124.167 0.25 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
GEY 1972 38.683 122.833 53 60 0.615 0.385 0.200 0.800 0.077 0.492 0.123 0.308 CHM
GOR 1972 34.8 118.85 1 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
GUA 1972 38.783 123.533 1.8 28 0.689 0.311 0.000 1.000 0.000 0.689 0.000 0311 M
HIX 1972 38.133  122.717 0.42 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
HKR 1972 40.283 122.267 1.4 10 0.700 0.300 0.577 0.423 0.173 0.296 0.404 0.127 M
HOP 1977 39.008  123.083 0.28 60 0.664 0.336 0.860 0.140 0.289 0.093 0.571 0.047 H
ING 1972 40.75  122.017 1 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
ISB 1972 35.717  118.483 8.4 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
JAK 1972 38.367 120.75 0.89 5 0.000 1.000 0.907 0.093 0.907 0.000 0.000 0.093 M
JCT 1972 40.733 123.05 0.89 176 0.556 0.444 1.000 0.000 0.444 0.000 0.556 0.000 M
JEN 1972 38.483 123.2 1.8 29 0.979 0.021 0.180 0.820 0.004 0.803 0.176 0.017 HM
JoL 1972 35.967 121.2 14 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
KRN 1972 35.45 118.75 1.9 36 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
LAL 1970 34.757  120.341 59 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 C
LCS 1972 34.4  119.367 11 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
LHD 1972 40.883  122.383 0.56 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
LIK 1970 37.38 121.654 50 0.060 0.940 0.035 0.965 0.033 0.058 0.002 0.907 C
LMN 1972 36.4 119.05 0.8 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
LUC 1972 36 121.483 12 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
LYT 1972 3425 117.483 19 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
MBU 1972 34.05 118.9 12 50 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 CM
MEN 1972 39.233  123.183 0.8 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
MIL 1972 37.017 119.7 1.2 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
MOS 1972 37.533 1225 13 50 0.300 0.700 0.853 0.147 0.597 0.044 0.256 0.103 M
MPS 1972 37.467 119.95 1 5 0.000 1.000 0.915 0.085 0.915 0.000 0.000 0.085 M
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Code Date Lat Long Dist Inferred Sample Pubescent Glabrous Dark Light Glab & Pub & Pub & Light & By
Size 1970 1970 1970 1970 Dark Light Dark Glab
1970 1970 1970 1970
MQR 1972 3555 120.883 0.7 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
MSH 1977 38.175 122.9 0.96 60 0.966 0.034 0.050 0.950 0.002 0.918 0.048 0.032 H
NAC 1972 36 121.367 15 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
NAP 1972 38.217 122.2 1.4 10 0.308 0.692 1.000 0.000 0.692 0.000 0.308 0.000 M
NAV 1972 39.117  123.517 11 8 0.883 0.117 1.000 0.000 0.117 0.000 0.883 0.000 M
OAK 1972 40.633  122.567 34 36 0.022 0.978 0.968 0.032 0.947 0.001 0.021 0.031 M
OMD 1977 32.842  117.042 0.14 20 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 H
ORO 1972 39.517  121.517 0.36 55 0.986 0.014 1.000 0.000 0.014 0.000 0.986 0.000 M
PAI 1972 36.683  121.267 0.75 35 1.000 0.000 0.000 1.000 0.000 1.000 0.000 0.000 M
PAS 1972 39.85 122.617 0.2 5 0.000 1.000 0.958 0.042 0.958 0.000 0.000 0.042 M
PAT 1972 37.45 121.183 11 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
PFR 1972 36.817  119.383 0.21 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
PIN 1972 36.467 121.15 24 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
PJC 1972 40.683 122.35 0.28 5 0.000 1.000 0.956 0.044 0.956 0.000 0.000 0.044 M
POR 1972 36.033  118.833 8 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
PRB 1972 35.6 120.7 1.2 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
PST 1972 36.15 120.7 45 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
PYN 1972 40.333 121.9 13 5 1.000 0.000 0.044 0.956 0.000 0.956 0.044 0.000 M
RBF 1972 40.2  122.183 1.72 35 0.413 0.587 0.800 0.200 0.470 0.083 0.330 0.117 M
RED 1970 40.615  122.347 71 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 C
REF 1972 3455  120.067 2.6 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
REY 1972 38.083  122.967 0.65 15 0.538 0.462 0.190 0.810 0.088 0.436 0.102 0374 M
RIC 1972 40.033  123.783 0.14 26 0.867 0.133 0.808 0.192 0.107 0.166 0.701 0.026 M
SAD 1972 39.183 123.75 0.35 29 0.886 0.114 0.104 0.896 0.012 0.794 0.092 0.102 M
SAN 1972 38.2  120.667 2.8 5 0.000 1.000 0.866 0.134 0.866 0.000 0.000 0.134 M
SAR 1972 36.017 120.9 2.2 20 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 HM
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Code Date Lat Long Inferred Sample Pubescent Glabrous Dark Light Glab & Pub & Pub & Light & By
1970 1970 1970 1970 Dark Light Dark Glab
1970 1970 1970 1970
SAU 1972 37.833  122.483 0.55 6 0.333 0.667 0.909 0.091 0.606 0.030 0.303 0.061 M
SBA 1972 34.467 119.767 0.67 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
SBR 1972 34.15  117.333 3.8 36 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
SCL 1972 33.45 117.617 25 5 0.000 1.000 0.981 0.019 0.981 0.000 0.000 0.019 M
SFH 1977 39.25  121.292 18 20 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 H
SFN 1970 34.373  118.561 84 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 C
SGB 1972 34.167 117.9 12 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
SIL 1972 38.333  122.283 1.3 35 0.743 0.257 0.114 0.886 0.029 0.658 0.085 0.228 M
SJB 1972 36.85 121.567 0.38 37 1.000 0.000 0.095 0.905 0.000 0.905 0.095 0.000 M
SLD 1972 37.083  121.117 1.6 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
SLR 1970 33.264 117.234 68 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 C
SMO 1972 34.067  118.533 18 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
SMR 1972 41.85 124.033 14 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
SMT 1972 37.483  122.367 13 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
SMV 1972 39.217 121.25 11 5 0.000 1.000 0.855 0.145 0.855 0.000 0.000 0.145 M
SNE 1972 37.517 120.45 0.18 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
SNL 1972 37.6  121.867 0.29 35 1.000 0.000 0.481 0.519 0.000 0.519 0.481 0.000 M
SON 1972 38.233 122.5 13 10 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
SPR 1972 36.567  121.733 0.9 33 0.962 0.038 0.129 0.871 0.005 0.838 0.124 0.033 M
SSM 1972 35.65 121.2 0.8 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
STO 1970 39.662  122.526 66 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 C
SUN 1977 33.708  117.183 13 20 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 H
UKH 1972 39.117 123.2 0.72 5 1.000 0.000 0.007 0.993 0.000 0.993 0.007 0.000 M
WEO 1972 40.317  123.917 0.65 10 0.500 0.500 0.120 0.880 0.060 0.440 0.060 0440 M
WLT 1972 39.517 123.4 0.75 31 0.978 0.022 0.194 0.806 0.004 0.788 0.190 0.018 M
WOD 1972 35.683  118.883 4 5 0.000 1.000 1.000 0.000 1.000 0.000 0.000 0.000 M
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LOD score (Mean Fitness)
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Appendix 2. LOD plot of linkage group associated with mean fitness in the field (LG 3,

4, and 10) in the RILs carried out using CIM based on a subset of RILs (n = 94 for which
there is sufficient data). Hatched blue, orange, and red lines avéf<tdr Uvalues =

0.2 (LOD = 2.60), 0.05 (LOD = 3.31), and 0.01 (LOD = 4.26) thresholds based on 1000

permutation tests.
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Appendix 3. R script used to produce expected distributions of mean frequency of traits
under drift.

Filename:simulation_two_genotypes_epiatic_basic.R

Kate Crosby

Sat Jun 28 10:10:23 2014
rm(list="Is ())
library (doParallel)

## Loading required package: foreach
## Loading required package: iterators
## Loading required package: parallel

detectCores ()
## [1] 4

cl < - makeCluster (4) #Use4 cores
registerDoParallel (cl)

# Run 1000 simulations,

# on a popsize of 1000 each simulation for 40 generations
totalSims < - 1000

popsize < - 1000

totalGen < - 40

# Define the trait genotypes as homozygotes
Dark<- c(1,1,1,1)
Light< - ¢(0,0,0,0)

# Specify  outcrossing rate
outcrossingrate < - 0.02

# Outputs defined below
Output = matrix (0,totalGen, 10)
OutputSims = matrix (0, totalSims, 11)
# Start simulation loop
for(isim in 1:totalSims)
{
# Keep track of pseudo -random seeds
seeder< -round (runif (min=2, max = 80E4, n=1), 2)
set.seed (seeder)

# Start close to the observed frequencies of trait
Light< - matrix (data= Light, nrow= popsize*. 5, ncol= 4, byrow= T)
Dark < - matrix (data= Dark, nrow = popsize*. 5, ncol= 4, byrow= T)

# Make the initial generation parents array of the four types
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parents < - rbind (Dark, Light)

#Start the generation loop
for(igen in 1:totalGen)

{
moms < parents[ sample( nrowparents), popsize, replace= T),]
num.outcrossers < - rbhinom ( 1,popsize,outcrossingrate)
selfers < - popsize - num.outcrossers

Outputfigen, 1]< - igen
Outputfigen, 2]< - popsize
Output[igen, 3] < - num.outcrossers
Output[igen, 4] < - selfers

sex < - sample( 1:popsize, num.outcrossers)
selfing < - setdiff (1l:popsize, sex)

# |dentify those rows
sex.id < - moms[sex,]
selfid< - momsiselfing,]

# Start with outcrossing MOTHERS (i.e. NOT POLLEN), i.e. the maternal allele at each locus
locusl.color.maternal < - sex.dd], 1:2]
locus2.color.maternal < - sex.dd], 3:4]

mom.sex.locusl.color.allelel < - NULL
for(iin 1: nrow(locusl.color.maternal))
{

mom.sex.locusl.color.allelel[i] = sample (locusl.color.maternalli,],

}

mom.sex.locus2.color.allele2 < - NULL
for(i in 1: nrow(locus2.color.maternal))
{

mom.sex.locus2.color.allele2[i] = sample (locus2.color.maternal[i,],

}

# Pollen
dads < - sample( 1:popsize,num.outcrossers)
dads.id < - parents [dads,]

locusl.color.pollen < - dads.id[, 1:2]
locus2.color.pollen < - dads.id[, 3:4]

dad.sex.color.locuslallelel < - NULL
for(i in 1: nrow(locusl.color.pollen))
{

dad.sex.color.locuslallelel[i] = sample (locusl.color.pollen(i,],

}

dad.sex.color.locus2allele2 < - NULL
for(i in 1: nrow(locu s2.color.pollen))
{

dad.sex.color.locus2allele2]i] = sample (locus2.color.pollen(i,],

}

# Then cbind the alleles for locus 1 and locus 2 together making a new datafram e
new.outcrossed.progeny < - data.frame (chind ( mom.sex.locusl.color.allelel,

dad.sex.color.locuslallelel, mom.sex.locus2.color.allele2,
dad.sex.color.locus2allele2))
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# For the selfers - use "self.id" array, and define each locus

locusl.color.selfer < - self.id], 1: 2]
locusl.color.selfer < - as.matrix (locusl.color.selfer)
locus2.color.selfer < - selfid[, 3:4]
locus2.color.selfer < - as.matrix (locus2.color.selfer)

# Choose alleles

locusl.color.allelel < - NULL
for(i in 1: nrow(locusl.color.selfer))
{
locusl.color.allelel[i] < - sample(locusl.color.selferfi,], 1, replace = T)
}
locusl.color.allele2 < - NULL
for(i in 1: nrow(locusl.color.selfer))
{
locus1l.color.allele2]i] < - sample(locusl.color.selferfi], 1, replace = T)
}
locus2.color.allelel < - NULL
for(i in 1: nrow(locus2.color.selfer))
{
locus2.color.allelel[i] < - sample(locus2.color.selfer]i,], 1, replace= T)
}
locus2.colo r.allele2< - NULL
for(i in 1: nrow(locus2.color.selfer))
{
locus2.color.allele2[i] < - sample(locus2.color.selfer[i,], 1, replace= T)
}
# Make the array of the selfed progeny
new.selfed.progeny < - data.frame (cbind (locusl.color.allelel,

locusl.color.allele2,
locus2.color.allelel,
locus2.color.allele2))

# Combine arrays, just use column names from selfed progeny
new.generation < - rbind (new.selfed.progeny, setNames(new.outcrossed.prog  eny, namegnew.
selfed.progeny)))
new.generation < - as.matrix (new.generation)

#Get homozygotes

homs <- subset (new.generation, locusl.color.allelel==locusl.color.a llele2 &
locus2.color.allelel==locus2.color.allele2)

dim.homs<- dim(homs)

sum.homs <- dim.homs][ 1]

#How many heterozygotes?
hets < - popsize - sum.homs

#Get the morphotypes

dark < - rowSumgnew.generation[, 1:4])> O
light< - rowSumgnew.generation], 1:4])== 0
dark < - sunfdark)
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light< - sunlight)

Outputfigen, 5] < - sum.homs
Outputfigen, 6] < - hets
Outputfigen, 7]< - light
Outputfigen, 8] < - light/popsize
Outputfigen, 9]< - dark
Outputfigen, 10] < - dark/popsize

parents = new.generation

}

#Output
# Define outputs for 1000 simulations

OutputSims[isim, 1] < - isim

OutputSims[isim, 2] < - seeder
OutputSims[isim, 3] < - Outputfigen, 2]
OutputSims[isim, 4] < - mear(Outputfigen, 3])
OutputSims[isim, 5] < - mear(Outputfigen, 4])
OutputSims[isim, 6] < - mear(Outputfigen, 5])
OutputSims[isim, 7] < - mear(Outputfig en, 6])
OutputSims[isim, 8] < - mear(Outputfigen, 7])
OutputSims[isim, 9] < - mear(Outputfigen, 8])
OutputSims[isim, 10] < - mear(Outputfigen, 9])
OutputSims[isim, 11] < - mear(Output[igen, 10])

}

#OutputSims

# Rename columns

Sim_No <- OutputSims[, 1]

Seed_No <- OutputSims[, 2]
popsize < - OutputSims[, 3]
mean_no_outcross < - OutputSims[, 4]
mean_no_selfers < - OutputSims[, 5]
mean_homozygotes <- OutputSims[, 6]
mean_heterozygotes < - OutputSims[, 7]
mean_light< - OutputSims[, 8]
mean_light_freq< - OutputSims[, 9]
mean_dark <- OutputSims[, 10]
mean_dark_freq < - OutputSims[, 11]

simResults < - data.frame (cbind (Sim_No, Seed_No, popsize, mean_no_outcross,
mean_no_selfers, mean_homozygotes, mean_heterozygotes,
mean_light, mean_light_freq, mean_dar k, mean_dark_freq))

simResults

## Sim_No Seed_No popsize mean_no_outcross mean_no_selfers mean_homozygotes

##1 1 16761 1000 21 979 975

## 2 2 1504 1000 19 981 988
## mean_heterozygotes mean_light mean_light_freq mean_dark mean_dark_freq
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## 1 25 506 0.506 494 0.494
#H 2 12 333 0.333 667 0.667

save(simResult s, file=  "simulationResults.RData" )
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Appendix 4 R script used for simulating reproductive economy in an annual plant.

#First set the parameters of the model.

threshold = ¢(0.9,0.91) # The minimum size required to reproduce for the two
strategies with a "minimum"/small/big difference between them.

lambda = 1/threshold # Setthe parameter of the exponential distribution
popsize = 1000 # preferably large to minimize drift, but also to indicate
competition of a finite resource in a clos ed space

k=5 # seeds per unit plant size above threshold

totalGen =50 # Maximum number of generations for one simulation to run

totalSim =1000 #System time for this is 10 mins on this machine, reduce to get the
gist

#Set up the arrays for results output

Output =matrix (0,totalGen, 7) #the seven outputs just for a generationloop are defined
below

Outputfinal =matrix (0,totalSim, 11) #eleven outputs defined below

###LOOP THE LOOP THE LOOP#####
###Set random seed from a uniform distribution of values, and keep track of
seedsHH#H#HHH
for (isim in 1:totalSim)
{
#For deterministic results see below for pseudo random seeds, otherwise these
#next two lines can be commented out.
seeder <-round (runif(min =2, max = 80E4, n =1), 2)
set.seed (seeder)

# Set up a population with half one strategy, half the other (coded as "TRUE" and
"FALSE")

x = c(rep (FALSEpopsize /2), rep ( TRUBopsize /2))
x = sort (x) # False is sorted ahead of true
p = length (x[x == TRUB /length (x)

#i##Loop loop##
### To loop over multiple generations or just one simulation, start the loop

here
for (igen in 1:totalGen)
{
Outputfigen, 1] <- igen # Store Generation number in 1st column of output
matrix

#Calculate the proportion of each type for every generation and store in the
Output
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Outputfigen, 2] <- p # proportion of larger morph
Outputfigen, 3] <- 1-p  #proportion of smaller morph

# Set up a vector of sizes drawn from an exponential distribution
# The bigger lambda is, the smaller the average size is
size = c(rexp( length (x[x ==FALSH),lambda] 1]),rexp( length (x[x ==TRUB,lambda] 2]))
Output[igen, 4] <- mear(size)
#Before getting into the reproduction, set up arrays to keep track of fecundity,
seed type and size of parents
fecundity = rep (0,popsize)
seeds = array ()
parentsize = array ()

# seeds and parentsize will start with an initial entry of NA which needs to be
stripped away below

# Loop over the population creating an array of seeds
for (i in ZLdlength (size)){

it (x[i]) { # for the "TRUE" morph (larger)...
if  (size[i] > threshold[ 2]) { # If it exceeds the minimum size
then...
fecundity[i] = floor (k*(size[i] -threshold][ 2])) # it produces k seeds for

every unit mass over the threshold

# note that this produces a geometric distribution of fecundity (the
discontinuous  equivalent of exponential)

# with the same lambda parameter as the size distribution

seeds = c(seeds, rep (x[i],fecundity[i])) # We record its seeds in the
vector of progeny
parentsize = c(parentsize, rep (size[i],fecundity[i])) # and we keep
track of the seed output of plants of different sizes
}
}
else { # If the plant is the "FALSE" morph (reproductive economy)
if (size[i] >threshold] 1]) { # as above, but using hte lower
threshold
fecundity[i] = floor (k*(size[i] -threshold] 1]))
seeds = c(seeds, rep (x[i],fecundityfi]))
parentsize = c(parentsize, rep (sizeli],fecundity[i]))
}
}

}
###Close parent  loop##H#

# Since we added all the seeds that started with an NA entry, we strip off the
first entry and just use entries 2 -n.
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seeds = seeds[ 2:length (seeds)]
parentsize = parentsize[ 2:length (parentsize)]

# Take popsize  seeds at random to start the next generation

x= sample(seeds, popsize, replace =FALSE #If | remove popsize, this will be more
than 1000 individuals and then the loop hangs itself by the seventh or 8th
generation - | think

X = sort (X) #Sort them (False comes ahead of true)

p = length (x[x == TRUB /length (X) #And calculate the frequency of the
"TRUE" (larger) morph

Outputfigen, 5] <- mear{fecundity)
Outputfigen, 6] <- maxfecundity)
Outputfigen, 7] <- maxsize)

###Pulling other "useful" summary stats out, using logical conditions - make
dataframe

Outputdf <-as.data.frame (Output)

maxsize <- Outputdf[Outputdf ~ $V4==maxXOutputdf $V4),] #pull out the entire row of
max size

genmaxsize <- maxsize[ 1, 1] #pull out the Gen no in which max size occurs

maxfec<- Outputdf[Outputdf =~ $V5==maxOutputdf $V5),] #pull out the entire row of max
fecundity

genmaxfec<- maxfec[ 1, 1] #pull out the Gen no in which max fecundity occurs

fixationall <- Outputdf[Outputdf  $Vv2>=1.0,] #get all the rows where p=1

fixationfirstgen <- fixationall[ 1, 1] #isolate only the first instance (generation)
where p=1

HHBHHHHH A A closes gen
e L L I L L L
BRI A A R R

###The output with comments but no real names

Outputfinal[isim, 1] <-isim

Outputfinal[isim, 2] <-seeder #If deterministic only, otherwise no need to keep
track

Outputfinal[isim, 3] <- mear(Outputfigen, 2]) # proportion of larger morph p

Outputfinal[isim, 4] <- mear{Outputfigen, 3]) #proportion of smaller
morph q

Outputfinal[isim, 5] <- mear{Outputfigen, 4]) #mean size of that
simulation

Outputfinal[isim, 6] <- mear(Outputfigen, 5]) #mean fecundity that
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simulation
Outputfinal[isim, 7] <- Outputfigen, 6]

#max fecundity of that

simulation

Outputfinal[isim, 8] <- Output[igen, 7] #max size of that
simulation

QOutputfinal[isim, 9] <- genmaxsize #in which generation of that simulation
is maximum size achieved?

Outputfinal[isim, 10] <- genmaxfec

Outputfinal[isim, 11] <- fixationfirstgen

#HEcloses Isim - loop - run 1000 - takes too much time on this machine####

#Output
Outputfinal  ##prints [1000,11] matrix with no names

#Renaming the Outputfinal columns
Sim_No<- Outputfinal[, 1]

Seed_Na&- Outputfinal[, 2]
final_p_freq <-Outputfinal], 3]
final_g_freq <-Outputfinal], 4]
mean_size_sim <- Outputfinall, 5]
mean_fec_sim<- Outputfinall, 6]
max_fec_sim <- Outputfinall, 7]
max_size_sim <- Outputfinall, 8]
gen_max_size_out <- Outputfinall, 9]
gen_max_fec_out <- Outputfinall, 10]
fixation_p_1stgen  <- Outputfinall, 11]

#### Make a dataframe of these names
results.df <-data.frame (cbind (Sim_No, Seed_No,final_p_freq,

final_g_freq,mean_size_sim,mean_fec_sim,max_fec_sim,

max_size_sim,gen_max_size_out,gen_max_fec_out,

fixation_p_1stgen))
####Print the dataframe
results.df

summary(results.df)

#HH\Write it out

write.csv(results.df, file ="results_aarssen_very_little_difference.csv" )
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