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Abstract 
In order to deter herbivores, plants evolve defenses suited to different tissues 

and varying patterns of herbivory. If the defense profiles of different tissues share 

common genetic controls but differ in selective pressures, evolution of effective defenses 

within the whole plant may be constrained. In my dissertation, I investigate how 

glucosinolates, biologically active secondary metabolites, evolve in multiple tissues of 

the crucifer Boechera stricta. I quantify variation in glucosinolate concentration and the 

relative ratio of each glucosinolate compound (hereafter called the glucosinolate profile) 

between leaves and fruits and find support for the optimal defense hypothesis, which 

predicts a higher concentration of glucosinolates in higher-value tissues. Using a large-

scale common garden experiment within a population, I demonstrate that antagonistic 

selection between tissues and genetic covariances in glucosinolate profile between leaves 

and fruits exercise strong constraint on the evolution of defenses. Additionally, I 

compare the structure of genetic variances and covariances (the G-matrix) among four 

genetically differentiated groups of B. stricta and find that the structure of the G-matrix 

can be altered within approximately 5,000 generations. An Fst-Qst analysis reveals that 

some differences in glucosinolate profile between were driven by selection.  
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Introduction 
A wide array of biologically active secondary metabolites are manufactured by 

plants to defend against herbivores, and many plants invest resources in these defenses 

(reviewed in Hartmann 2007). Plants interact with a diverse community of enemies, 

ranging from microbial pathogens to insects and mammalian herbivores. These 

interactions are complex, and sometimes antagonistic; some defense pathways are 

mutually inhibitory (Glazebrook 2005; Thaler et al. 2012), and chemicals that deter some 

herbivores may be attractants or feeding stimulants for others (Bowers 1983; Renwick et 

al. 1992; Roessingh et al. 1992; Nieminen et al. 2003; Hilker and Meiners 2008; Talsma et 

al. 2008; Sun et al. 2009). Thus, it may not be possible to evolve defenses that are effective 

against all enemies.  

This may be particularly true when considering defenses in multiple plant 

tissues, which may experience different herbivore interactions. Plants face the challenge 

of evolving effective defenses in not just one tissue, but several. The extent to which they 

are able to do so depends partially on how defenses are correlated between tissues. 

Here, I use Boechera stricta to investigate the evolution of chemical defenses in leaves and 

fruits.  

Plant defenses in multiple tissues- Chemical defenses, including glucosinolates, 

are found in many tissues of the plant. Tissues are often not homogenous, and variation 

in allocation of defenses has been widely studied (McKey 1974, 1979; Rhoades 1979; 
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Stamp 2003; Barto and Don 2005; Alves et al. 2007; Traw and Feeny 2008; McCall and 

Fordyce 2010; Heath et al. 2014; Godschalx et al. 2016). The chemical composition of 

defenses may also vary among tissues (Nelson et al. 1981; Brown et al. 2003; Whitehead 

et al. 2013).   

Specific defenses, such as glucosinolates, can serve to deter herbivores (Halkier 

and Gershenzon 2006) or function as oviposition cues, particularly to specialist insects 

(Renwick et al. 1992; Roessingh et al. 1992; Sun et al. 2009). A change in the herbivore 

community composition can be sufficient to reverse the selection on glucosinolate 

concentration (Lankau 2007). Secondary metabolites such as glucosinolates also interact 

with pathogens and other microbes (Halkier and Gershenzon 2006). Thus, to the extent 

that  plant tissues vary in the insect communities that they interact with, selection on 

secondary metabolites may vary among tissues.  

Several evolutionary explanations exist for variation in defenses between tissues. 

The optimal defense hypothesis (ODH) is a long-standing theory on plant defense 

allocation. In brief, the ODH states that if defenses are costly, plants will allocate them in 

the pattern that is most adaptive (McKey 1974, 1979; Rhoades 1979). A specific sub-

prediction of the theory is that plant tissues that are more valuable will be more heavily 

defended, as they will produce a higher return on the investment (Stamp 2003). This 

prediction has been generally supported, suggesting that variation in concentration 

between tissues may be adaptive (Barto and Don 2005; Alves et al. 2007; Traw and Feeny 
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2008; McCall and Fordyce 2010; Heath et al. 2014; Godschalx et al. 2016). Variation in 

defense profile between vegetative and reproductive tissues is less understood, although 

such variation is known to exist (Nelson et al. 1981; Brown et al. 2003; Whitehead et al. 

2013).  

Chemical defenses in Boechera stricta- Like many other species in the 

Brassicaceae, B. stricta synthesizes glucosinolates, secondary compounds that play a role 

in interactions with many other organisms, including both insects and pathogens 

(Halkier and Gershenzon 2006). Approximately 120 glucosinolate compounds have been 

described; these differ both in the identity of the precursor amino acid and the 

secondary modifications that take place in the later stages of biosynthesis (Halkier and 

Gershenzon 2006). B. stricta makes up to five types of aliphatic glucosinolates, derived 

from valine, isoleucine, or methionine. Variation in glucosinolate profile, defined here as 

the relative proportions of each glucosinolate compound, has been previously shown to 

affect herbivory and fitness under natural conditions (Prasad et al. 2012). A trait that has 

been of particular interest is the proportion of glucosinolates that are derived from the 

branched chain (BC) amino acids, isoleucine or valine; in some locations, a higher 

proportion of BC-derived has been demonstrated to reduce herbivory, although these 

effects vary spatially (Prasad et al. 2012).  

This previous work in B. stricta has focused on glucosinolates occurring in leaves, 

although glucosinolates are found throughout the plant. In Boechera’s close relative 
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Arabidopsis thaliana, glucosinolate concentration and profile has been shown to vary 

among tissues and developmental stages (Brown et al. 2003). These compounds are 

synthesized in source tissues and transported long distances through the plant 

(reviewed in Nour-Eldin and Halkier 2009; Jørgensen et al. 2015). Thus, glucosinolate 

profile in one tissue is unlikely to be completely independent of the profile found in 

another; I hypothesize that genetic covariances between glucosinolate compounds, both 

within and between tissues, affect the evolution of defenses throughout the plant. 

The evolution of correlated traits- The evolution of multiple correlated traits has 

been of longstanding interest to biologists. If the genetic control of glucosinolate profile 

is shared among tissues, they may not evolve independently. The G-matrix, a 

symmetrical square matrix composed of the genetic variances and covariances, has 

proven to be a very powerful tool for studying the evolution of correlated traits, 

combined with b, the vector of selection gradients acting independently on each trait 

(Lande 1979; Lande and Arnold 1983). G and b are used in the multivariate breeder’s 

equation: G * b = !". This equation is used to calculate the vector of the predicted 

response to selection for each trait, !", enabling investigations into how genetic 

variances and covariances affect the predicted evolutionary trajectory of a population. 

Although genetic covariances or correlations have often been invoked as causes 

of constraint, this is not necessarily true; covariances can constrain, augment, or have no 

effect on the evolution of traits, depending on the direction of the selection gradients 
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acting on those traits (Conner 2012). Thus, in order to understand whether genetic 

covariances affect the evolution of a population, the selection gradients must be 

measured as well (Agrawal and Stinchcombe 2009; Conner 2012). Relatively few studies 

have included estimates of both G and b; those that have present inconsistent evidence 

for constraints, augmentation, or no effects (Etterson and Shaw 2001; Conner et al. 2003; 

Smith and Rausher 2008; Agrawal and Stinchcombe 2009; Wise and Rausher 2013). 

Many studies have primarily focused on morphological or physiological traits, or 

generalized resistance to herbivores; here, I extended this approach to consider 

covariances and potential constraint in biochemical traits among tissues. 

The evolution of the G-matrix- The long-term importance of G in shaping the 

evolutionary trajectory of a population depends not only on the current structure of 

genetic (co)variances, but how G itself evolves over time (Turelli 1988). If G changes 

rapidly in response to either selection or neutral evolutionary processes, then any 

constraints it exercises on populations will be transient (Turelli 1988). Divergence in G 

has been shown in closely-related species (Bégin et al. 2003), and may arise quite rapidly 

between taxa that have adapted to discrete, highly divergent environments (Fong 1989; 

Jernigan et al. 1994; McGuigan et al. 2005; Johansson et al. 2012; Karlsson Green et al. 

2016). Much less is known about how rapidly G changes when groups have diverged 

along a continuous environmental gradient. The two subspecies of B. stricta, EAST and 

WEST, have ecologically diverged along a gradient of water availability (Lee and 
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Mitchell-Olds 2011; Lee and Mitchell-Olds 2013), and have a well-characterized 

demographic history, making them ideal for such a comparison. 

Dissertation focus- My dissertation focuses on the evolution of glucosinolates in 

multiple tissues of B. stricta. In Chapter 1, I address the prediction of the ODH that 

plants will invest more defenses in tissues that are more valuable to the plant (McKey 

1974, 1979; Rhoades 1979). Using both a clipping experiment on endogenous plants and 

ambient herbivory in a common garden experiment, I compared the values of rosette 

leaves, cauline (stalk) leaves, and young fruits, and quantified glucosinolates in cauline 

leaves and fruits. I also quantified the differences in glucosinolate profile between 

cauline leaves and fruits, and between two subspecies of B. stricta, EAST and WEST.  

In Chapter 2, I used a common garden experiment to test whether genetic 

covariances constrain the evolution of glucosinolate profiles in leaves and fruits. I 

measured glucosinolate traits and plant fitness in the field, and estimated the G-matrix, 

selection gradients, and the predicted response to selection. I compared the predicted 

response to selection with the predicted response with covariances eliminated, to test 

whether the covariances exercised constraints. 

In Chapter 3, I estimated the G-matrices for glucosinolate profile of families from 

WEST and the three genetic groups differentiated within EAST. I used multiple tests to 

determine how G had differentiated among the groups. I also performed a Fst-Qst 

analysis to determine whether differences in glucosinolate profile among groups were 
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driven by selection. The phenotypic data for this chapter were collected in collaboration 

with Julius Mojica, who was responsible for plant growth and care, and who collected 

data on leaf glucosinolates. Fst was calculated by Baosheng Wang. I collected the fruit 

glucosinolate data and performed the analyses. 

In Chapter 4, I discuss my results, draw conclusions, and propose future 

directions for research. 
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Chapter 1. Testing the optimal defense hypothesis in 
nature: variation for glucosinolate profiles within plants 

1.1 Introduction 

Plants manufacture a wide range of defenses against herbivores; variation in 

these defenses is common, both among individuals and within a single plant. Variation 

in physical defenses among plant tissues is often easily observable; many chemical 

defenses vary among tissues as well (McCall and Fordyce 2010). Studies of this variation 

have given rise to a number of general hypotheses regarding the evolution and 

allocation of defenses. The Optimal Defense Hypothesis (ODH) is one of the primary 

theories addressing the distribution of defenses within a plant. The ODH, which very 

broadly states that defenses will be allocated in any way that is adaptive to the plant, 

may be extended into a set of specific, testable predictions for defense allocation (McKey 

1974, 1979; Rhoades 1979). Within the plant, the ODH predicts that defenses will be 

concentrated in tissues that are at higher risk of herbivory and/or tissues that are more 

valuable; that is, tissues which if lost to herbivores cause greater loss of plant fitness 

(McKey 1974, 1979; Rhoades 1979). 

Conventional wisdom holds that, within this framework, younger leaves are 

more valuable than older, and that the fitness effects of losing reproductive tissues are 

greater than losing vegetative tissues (Stamp 2003). Most of the studies that have 

explicitly examined tissue value of young and old leaves support these assumptions 

(Barto and Don 2005; Traw and Feeny 2008; McCall and Fordyce 2010; Heath et al. 2014). 
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Less work has been done, however, to test the assumption that reproductive tissues are 

both more valuable than leaves and more heavily defended. While the relative 

importance of reproductive tissues compared to leaves may seem obvious, the question 

deserves investigation. If decrease in productivity from loss of leaf tissue reduces flower 

number or fruit set, it may cost the plant more than relatively late-stage fruit damage. 

Some evidence, both direct and circumstantial, also suggests that reproductive tissues, 

particularly flowers, may not be more valuable than young leaves. Comparisons 

between leaves and flowers are inconsistent on which tissue is more heavily defended 

(Alves et al. 2007; McCall and Fordyce 2010; Godschalx et al. 2016). The question of 

whether reproductive tissues, especially flowers and immature fruits, have higher 

fitness value than leaves is still unresolved; when directly quantified, the fitness effects 

of loss of flowers have been found to be less than the effects of losing leaf tissue 

(Godschalx et al. 2016). As such, an explicit comparison of the value of leaf and 

reproductive tissue under natural conditions is necessary to test the assumption of 

higher values for reproductive tissues. To the best of our knowledge, no such study 

comparing both fitness values and defense allocation in leaves and fruits under natural 

field conditions has previously been completed. Here, we fill this gap by comparing the 

value of young leaves and immature fruits, using both clipping experiments and 

ambient herbivory. We then ask whether the more valuable tissues are more heavily 

defended. We performed this study using Boechera stricta, a short-lived perennial. Like 
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many species in the Brassicaceae, B. stricta manufactures glucosinolates, metabolically 

active secondary compounds that are involved in defense against herbivores in many 

crucifers (Hopkins et al. 2009).   

The predictions made by the ODH address the total concentration of defenses 

found in each tissue (Rhoades 1979; Zangerl and Rutledge 1996). In some species, the 

types of chemical defenses also vary among tissues (Nelson et al. 1981; Brown et al. 2003; 

Whitehead et al. 2013). Such variation may be due to different selective regimes 

exercised on flowers and fruits by animal pollinators and/or dispersers, if the plant relies 

on either (Herrera 1982; Cazetta et al. 2008). Variation between tissues is found even in 

species that do not rely on animals, however, such as the extensive variation in 

glucosinolate types among leaves, fruits and seeds in Arabidopsis thaliana (Brown et al. 

2003). The role of this variation is unclear. We investigated variation between leaves and 

young fruits for not only concentration of defenses, as needed to test the ODH, but also  

variation in the relative proportions of glucosinolate compounds, hereafter referred to as 

the glucosinolate profile. B. stricta manufactures up to four distinct types of aliphatic 

glucosinolates. Site-specific effects of glucosinolate profile on herbivore damage have 

been demonstrated in leaves (Prasad et al. 2012), but little work has addressed variation 

in the reproductive tissues in this species. As B. stricta is predominantly selfing and does 

not use animals to disperse seeds, variation between vegetative and reproductive tissues 

is not likely to be driven by mutualistic interactions. Thus, in addition to testing the 
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ODH, we ask whether chemical variation between leaves and fruits is adaptive and 

driven by herbivores by testing whether variation in glucosinolate profile affects 

herbivory on stem leaves and fruits.  

1.2 Methods 

1.2.1 Study system 

We performed this field experiment using Boechera stricta, a short-lived perennial 

crucifer that is a model species for ecological and evolutionary genetics (Rushworth et 

al. 2011; Prasad et al. 2012; Lee et al. 2017). B. stricta is predominantly self-pollinating, 

and does not rely on animals to disperse seeds (Rushworth et al. 2011). Closely related to 

Arabidopsis, B. stricta grows in montane environments in western North America, in sites 

that have been relatively undisturbed for approximately 3,000 years (Brunelle et al. 

2005). During a reproductive season, plants advance from a vegetative rosette stage to a 

reproductive one, growing a stalk with cauline leaves, flowers and siliques (Figure 1A). 

In the field, endogenous and transplanted B. stricta plants are attacked by a diverse 

community of herbivores that includes species from Lepidoptera, Diptera, Coleoptera, 

Orthoptera, Hemiptera, and more (personal observation). Like many other crucifers, B. 

stricta uses a glucosinolate-myrosinase system as a chemical defense (Manzaneda et al. 

2010). Diversity in glucosinolate structure arises from variation in both amino acid 

precursors and secondary modifications; B. stricta manufactures four types of aliphatic 

glucosinolates, derived from methionine, valine, or isoleucine (Figure 1B). The 
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methionine-derived glucosinolate is 6-methylsulfinyl hexyl (6MSOH); from the 

branched chain amino acids, isoleucine gives rise to 1-methyl propyl (1MP), and valine 

gives rise to both 1-methyl ethyl (1ME) and 2-hydroxy 1-methylethyl (2OH1ME). 

Testing the ODH requires that defenses must be highly similar between tissues, in order 

for comparisons to be accurately made (Zangerl and Rutledge 1996). Given the close 

biochemical relationships among the glucosinolates found in B. stricta,  and the fact that 

all glucosinolates can be found in all tissues, we believe that this assumption is 

appropriate in this experiment.  

The region of central Idaho where this work took place is a contact zone for two 

subspecies of B. stricta (Lee and Mitchell-Olds 2011). The two subspecies, EAST and 

WEST, are genetically and morphologically differentiated and are generally found in 

divergent environments (Lee and Mitchell-Olds 2011; Lee and Mitchell-Olds 2013; Lee et 

al. 2017). WESTERN genotypes are generally found in wetter riparian areas, while 

EASTERN genotypes are often found on higher elevation slopes with lower water 

availability (LEE AND MITCHELL-OLDS 2011). These subspecies have experienced 

divergent selection on phenology and morphology traits consistent with adaptation to 

these environments (Lee and Mitchell-Olds 2013).  

1.2.2 Transplant Experiment 

1.2.2.1 Sites 

Plants were grown in three gardens in central Idaho. The area where these sites 
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are located has been relatively undisturbed for approximately 3000 years (Brunelle et al. 

2005). The sites differ ecologically. SIL, at 1830 meters elevation, is a shady riparian site, 

with dense vegetation. JAM, at 2680 meters elevation, is a high montane meadow with 

limited vegetation. MAH, at 2530 meters, is a sagebrush meadow. All sites occur on 

public Forest Service land, and were used under a Special Use Permit from the Salmon-

Challis National Forest Service, and from the US Forest Service Northern and 

Intermountain Regions. At all three sites, plants were grown in gardens with fences to 

deter cattle. 

1.2.2.2 Seed collection and plant growth 

 Seeds from naturally inbred individuals were collected at 24 ecologically diverse 

sites in central Idaho and one site in Colorado (the Colorado genotype was excluded 

from all later analyses) (Lee and Mitchell-Olds 2011). These collections were split equally 

between the EAST and WEST subspecies, and had been used for previous work on the 

ecological and genetic differentiation between the subspecies (Lee and Mitchell-Olds 

2011; Lee and Mitchell-Olds 2013). Seeds were grown in the greenhouse for a generation 

to minimize maternal effects before being used for experiments. 

Seeds for experimental plants were germinated in petri dishes. Germinating 

seeds were kept in the dark at room temperature for 3 days, and then transferred to 14 

hour days at 20 degrees. At one week they were transplanted into 2.5 cm by 12 cm 

plastic conetainers (Stuewe and Sons, Inc.), and grown in the Duke University 
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greenhouse. In late September, age 10 weeks, rosette plants were transported to Idaho 

via overnight shipping. Plants were transplanted directly into the surrounding 

vegetation in randomized blocks of 50, spaced 10 cm apart. Each block contained 2 

plants of each genotype. We planted a total of 800 plants each at JAM and SIL, and 1100 

plants at MAH. We watered several times in the following days to establish plants, but 

they were dependent on natural moisture thereafter. Plants overwintered in the ground, 

ensuring synchronization with endogenous plants the following spring. 

1.2.2.3 Herbivory and fitness censuses 

 Several times over the season, we recorded plant traits such as stage, size, top 

chewed off (TCO), density of the surrounding vegetation, and damage from herbivory. 

Stages were defined as dead, rosette, bolting, flowers only, flowers and fruits, or fruits 

only. To quantify vegetation, we estimated the percent plant cover for a 10 cm square 

centered on the plant. Plants were designated as “TCO” if the entire top of the plant had 

been removed. Damage was assessed as the percentage of tissue removed for rosette 

leaves, cauline leaves, and fruits; this was done by counting the total number of leaves 

or fruits, the number that were damaged by herbivores, and the average percent of 

tissue removed by herbivores on the damaged leaves or fruits. The number damaged 

was multiplied by the percent of tissue removed, and divided by the total number of 

leaves/fruits for the final damage number. Damage censuses took place in late July and 

early August, timed to be as close to peak herbivory as possible while occurring before 
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leaf senescence. Fruit number, adjusted by the percentage of the fruit tissue destroyed by 

herbivores, was used as a proxy for fitness.  

1.2.2.4 Glucosinolates 

We quantified glucosinolates for cauline leaves and immature fruits as in (Prasad 

et al. 2012). Briefly, healthy tissue samples were collected directly into 70% methanol. 

Tissue collection took place at two time points at each site; at SIL the collections were 

one day apart, at MAH the collections were separated by seven days, and at JAM the 

two batches of collections were five days apart. To control for multiple collection times, 

date of harvest was included as a covariate in analysis of glucosinolate variation. Sample 

weight was also included as a covariate in some subsequent analyses, as it is correlated 

with the developmental stages of the fruits. Plant survival and reproduction permitting, 

leaf and fruit samples were collected from three individuals of each genotype at each 

site; if there were not enough surviving or reproducing plants of a given genotype, as 

many samples were collected as possible. Fruits were collected when partially 

elongated, well before desiccation of fruit tissue or seed maturity. We collected a total of 

78 cauline leaves and 58 fruits at JAM, 91 leaves and 91 fruits at MAH, and 99 leaves and 

99 fruits at SIL. The reduced sample sizes at JAM were due to high mortality and a 

number of plants that experienced apical damage before fruit collection. 

Samples remained in methanol for 4 weeks to allow leaching of glucosinolates 

before extraction. The leachate was added to a prepared Sephadex column along with 10 
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ul of 1mM sinigrin as an internal standard. We washed the columns twice with 70% 

methanol, twice with water, once with 1 M NaOAC, and twice again with water. Excess 

liquid was removed by centrifuging columns at 910 G. We added 30 ul of sulfatase and 

let it stand in the columns overnight. The following morning, samples were eluted in 300 

ul of HPLC-grade water and left uncovered overnight before storage at 4 degrees. 

We quantified desulfo-glucosinolates in the extracted samples using an Agilent 

1100 High-Pressure Liquid Chromatography system, as in Prasad et al. (2012). This was 

carried out using a ZORBAX Eclipse XDB-C18 4.6 x 150 mm 5-micron column, with a 

Supelco ColumnSaver 2.0 um filter. The method used HPLC-grade H2O and acetonitrile, 

at a flow rate of 1 ml/minute, at a temperature of 40 degrees. The 30 minute run was: 

1.5% - 2.5% acetonitrile (6 minutes), 2.5% - 5.0% (2 minutes), 5.0% - 18.0% (7 minutes), 

18.0% - 46.0% (2 minutes), 46% - 92.0% (6 minutes), 92.0% - 1.5% (1 minute), and a hold 

at 1.5% (6 minutes). 

We calculated the values for glucosinolate traits using a custom Python (v.2.7.12) 

script (all scripts are available on request). The relative response factor (RRF), which 

corrects for variation in response to UV, for each of these compounds is 1.0, except for 

2OH1ME, which has an RRF of 1.32 (Clarke 2010). The total quantity of each 

glucosinolate type was calculated as (0.05 micromole sinigrin) * (area of peak for 

compound x)]/[(area of sinigrin peak) * (RRF)]. We divided the total quantity by the dry 

weight of the sample to calculate the concentration in micromole/mg.  
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Total glucosinolate concentration was calculated by summing the concentrations 

of each compound. Three additional traits, all ratios, were also used. The proportion of 

branched chain-derived (PropBC) was calculated as the proportion of total 

glucosinolates that were derived from valine (2OH1ME and 1ME) or isoleucine (2HP). 

The proportion valine-derived (PropVal) was calculated as the proportion of all 

branched chain-derived glucosinolates that were derived from valine. Finally, the 

proportion of 2OH1ME (Prop2OH1ME) was calculated as the proportion of all valine-

derived glucosinolates that were 2OH1ME. These proportions were calculated for each 

tissue; hereafter indicated as –C for cauline leaves and –F for fruits. 

1.2.3 Clipping Experiment 

 We performed a clipping experiment using endogenous plants at three sites, a 

meadow near JAM, a meadow near MAH, and a similar meadow at 2667 meters 

elevation (PAR). Tissue removal took place in July at one time point at each site, at a 

time when most reproductive plants had both flowers and young fruits present. We 

used four treatments; control (no tissue removed), rosette leaves, cauline leaves, and 

flowers/fruits. For each of the removal treatments, 1/3 of the tissue was removed, evenly 

distributed by age; that is, we started with the oldest leaf/fruit, then left the next two and 

removed the third one, etc. The sample size at each site was 300 plants. Whole leaves 

and flowers/fruits were removed. As plants within a location differed in the flowers: 

fruit ratio when we were collecting, we did not distinguish between the two, but 
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combined them into one treatment where we removed a third of the total number of 

fruits, flowers and buds. At our sites, most plants had approximately equal numbers of 

flowers and fruits at the time of removal, although there was variation within 

populations. Plants were chosen randomly from bolting individuals within the 

population; treatments were assigned by randomly selecting a label that had a pre-

assigned treatment on it. We also recorded height for each plant at the time of tissue 

removal. String and paper labels were tied to plants and left until the fitness census. We 

returned to each site 14-26 days later for a fitness census. For all of the plants that we 

could re-locate, we recorded the number of stalks present, the number of fruits, and the 

length of the longest fruit. As some labels were lost between removal and censusing, our final 

sample size was 232 at JAM (55 control, 61 rosette, 55 cauline, and 61 flowers and fruits), 203 at 

MAH (47 control, 51 rosette, 51 cauline, and 54 flowers and fruits), and 287 plants at PAR (70 

control, 74 rosette, 72 cauline, and 71 flowers and fruits), for a final sample size of 722 

individuals. 

1.2.4 Statistical analyses 

1.2.4.1 Glucosinolate variation 

 We performed a multivariate analysis of variance (MANOVA) using JMP 13 

(SAS Institute Inc., Cary, NC, USA).  The four glucosinolate traits (ConGS, PropBC, 

PropVal, and Prop2OH1ME) were the response variables, with site, subspecies, sample 

weight, tissue, stage, harvest date (nested within site and tissue), and the site*tissue, 

subspecies*tissue, subspecies*site and site*subspecies*tissue interactions as fixed effects 
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and block (nested within site) and genotype (nested within subspecies) as random 

effects. To improve normality of response variables, PropBC, PropVal, and 

Prop2OH1ME were arcsine transformed. Block and Genotype were random effects. 

Sample Weight was included as a proxy for developmental stage. Harvest date was 

nested within Site and Tissue. When the MANOVA was statistically significant for the 

Wilk’s Lambda test statistic, subsequent univariate analyses, using Least Squares REML 

models, were used to test the significance of tissue, subspecies, and site on each 

compound, using a significance threshold of 0.05 (Scheiner and Gurevitch 2001).  

1.2.4.2 Effects of glucosinolate profile on herbivory 

 As damage measurements deviated from normality even after transformation, 

we tested the effects of glucosinolate traits on herbivory using least square means, 

performed in JMP 13. We used a Standard Least Squares REML model for each tissue, 

where Trait or Damage = Genotype + Site + Block[Site], with Genotype and Block as 

random effects, and extracted least square means for glucosinolate traits and damage for 

each genotype. We then used these least square means to run another model for each 

tissue, Damage = ConGS-C + ConGS-F + PropBC-C + PropBC-F + PropVal-C + PropVal-F 

+ Prop2OH1ME-C + Prop2OH1ME-F. As two models were run independently, we used 

a Bonferroni correction for multiple tests, resulting in a significance threshold of 0.025. 

1.2.4.3 Fitness effects of tissue damage 

 The effects of herbivore damage on fitness in the transplant experiment were 
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calculated in R, using a custom script (R Core Team 2016). We used the lme4 package to 

run a mixed-effects model (Bates et al. 2015), as well as the packages car and dplyr for data 

manipulation (Fox and Wieisberg 2011; Wickham and Francois 2015). Damage variables and 

fitness were log-transformed to improve normality. The full model was Log(Fruit 

Number) = Site + Stage + Veg + Log(rosette damage) + Log(cauline damage) + Log(fruit 

damage) + Block[Site] + Genotype. Block and Genotype were run as random effects. 

Only individuals that had damage values for all three tissues were included; thus, this 

analysis only included fruiting individuals, not plants with a seasonal fitness of zero. 

In order to compare the slopes of  the regression lines for cauline and fruit 

damage on fruit number, we performed permutation tests of fitness effects in R, using a 

custom script. Permuted data sets were generated by randomly assigning an 

individual’s cauline and fruit damage values to one tissue or another, so that an 

individual was equally likely to end up with the data in the original order, or to have the 

damage values switched between tissues.  

For each permuted data set, we ran the same model as the original, and found 

the difference between the slope estimates for fruit damage and cauline damage. We ran 

2000 permutations to generate a distribution of differences in slope. The P-value for the 

significance of the difference in estimates in the original model was calculated as the 

proportion of permutation results that were larger than the observed difference. 

Effects of clipping treatment on endogenous plant fitness were analyzed using 
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JMP 13. We analyzed the effect of treatment using a Standard Least Squares model, with 

treatment as our main effect and site, site*treatment, height, and stalk number as 

covariates. The response, fruit number, was log-transformed to improve normality. 

Pairwise comparisons between treatments were performed using Tukey HSD.  

1.3 Results 

1.3.1 Damage and fitness 

In the clipping experiment, neither the rosette nor the cauline leaf removal 

treatments reduced fruit number compared to the control treatment. In the clipping 

experiment, neither the rosette nor the cauline leaf removal treatments reduced fruit 

number compared to the control treatment. Removal of 33% of the fruits and flowers 

reduced average fruit number by 30% compared to the control treatment, a statistically 

significant effect (Table 1; Figure 2). 

Ambient herbivory removed, on average, 2.7% of rosette leaf tissue, 5.6% of 

cauline leaf tissue, and 7.2% of fruit tissue. In the transplant experiment, both cauline 

leaf damage and fruit damage had significant effects on fruit number (Table 2), while 

rosette leaf damage did not have significant effects in this dataset. Site was also a 

significant predictor of fitness. The permutation tests indicated that fruit damage had a 

significantly greater effect on fruit number than cauline damage (Figure 3; P < 0.001).  

1.3.2 Glucosinolate variation between tissues 

Each sample contained one to four types of glucosinolates. These included one 
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methionine-derived type (6MSOH), two valine-derived compounds (2OH1ME and 

1ME), and one isoleucine-derived compound (2MP). Fruits had, on average, a lower 

PropBC, lower PropVal, and lower Prop2OH1ME. As the MANOVA model for the 

effects of tissue, subspecies, and site on glucosinolate traits was significant (P < 0.0001), 

we performed univariate analyses for glucosinolate concentration and each 

glucosinolate trait. Glucosinolate concentration varied significantly between cauline 

leaves and fruits (Table 3; Figure 4). On average, glucosinolate concentration was more 

than 3 times higher in fruits than in cauline leaves. PropBC, PropVal, and Prop2OH1ME 

also varied significantly between tissues; within-plant variation in glucosinolate profile 

is common among all traits studied here. (Table 3; Figure 5). Sample weight, a proxy for 

size and developmental state of leaves and fruits, was significant for concentration and 

PropBC, indicating a potential change in those traits over development.  

We also found variation in glucosinolate profile between subspecies for all traits 

except concentration, and among genotypes within subspecies for PropBC and PropVal 

(Figure 6). There was a significant Subspecies*Tissue interaction for PropBC, PropVal 

and Prop2OH1ME, but not for concentration (Figure 7). Allocation of total 

glucosinolates between leaves and fruits does not differ between subspecies, although 

other components of the glucosinolate profile do. 

1.3.3 Effects of glucosinolate profile on herbivory 

After correcting for multiple tests, no glucosinolate traits were significant 
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predictors of leaf or fruit damage in the field (Table 4).  

1.4 Discussion 

Our results support the ODH. In both the clipping treatment and the ambient 

herbivory experiment, we found that damage to fruits was significantly more 

detrimental to fitness than loss of leaf tissue. Correspondingly, fruits had a much higher 

concentration of glucosinolates. These results support the commonly-made assumption 

that reproductive tissues are of higher fitness value than vegetative tissues. These results 

also unambiguously support the ODH; the tissue of higher value has a higher 

investment in defense.  

Loss of leaf tissue was not necessarily costly to fitness.  We found that loss of 

rosette tissue, from either clipping or ambient herbivory, had no detectable costs to 

fitness, in contrast to previous evidence in B. stricta (Prasad et al. 2012). This may be 

because this analysis considered only fruiting plants; the impacts of rosette damage may 

be greater in earlier developmental stages, such as determining whether a plant bolts in 

a given year or not. The clipping experiment also found that removing cauline tissue 

had no effect on fruit number, a result which differed from the ambient herbivory 

experiment. This difference could be due to clipping failing to accurately mimic the 

effects of herbivory. Our clipping method, which removed whole leaves, is undeniably 

different from herbivory, which is more likely to remove only part of a leaf, generally 

along the margins. If the costs of damage are due to effects other than simply the loss of 
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photosynthetic tissue, clipping may not accurately simulate herbivory. Cauline leaf 

tissue may also simply not have high value by the time that plants begin flowering. 

Given, however, that the ambient herbivory experiment did not have high levels of 

observable herbivory prior to flowering, we do not think that this explanation is the 

most likely. Actual herbivory on leaves was also less detrimental than herbivory on 

flowers, the same pattern as observed in the manipulated plants; thus, even if clipping is 

not a perfect mimic of herbivory on leaves, we find consistent evidence that fruits are 

more valuable than leaves. 

Our results support the assumption that reproductive tissues have higher fitness 

value than leaves. Given contradictory results from studies of floral value, however 

(McCall and Fordyce 2010; Godschalx et al. 2016), the question is not entirely resolved. 

The discrepancies in the results may be due to differences in value between flowers and 

fruits, even when immature; we had no clipping treatment that was exclusively 

removing flowers, and it was logistically infeasible to quantify ambient florivory in the 

transplant experiment. Any generalizations about the relative values and defenses of 

leaves, flowers, and fruits must consider the mutualistic interactions with insects, as well 

as herbivory; attracting pollinators and dispersers may also play a role in shaping 

defenses, along with deterring herbivores (Herrera 1982; Cazetta et al. 2008). In addition, 

the value of flowers may vary widely between species that self-pollinate, where almost 

every flower might be expected to set seed, and outcrossers, where floral success is not 
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guaranteed, and protecting floral tissues may affect pollination potential. Here, we 

eliminate significant mutualisms by using a self-pollinating, self-dispersing species; 

without these mutualisms, the ODH holds true. More work is needed, however, to 

clarify whether this is true in other mating and dispersal systems. 

Glucosinolate traits other than concentration also vary between tissues; all three 

of the proportional traits varied significantly between cauline leaves and fruits. Similar 

tissue-specific variation in glucosinolate profile has been found in Arabidopsis, where 

reproductive tissues have a higher diversity of glucosinolates than vegetative parts, 

including types that are not found elsewhere in the plant (Brown et al. 2003). Tissue-

specific patterns have also been found in other Brassicaceae species (Fahey et al. 2001). 

Within-plant variation in glucosinolate types appears to be common. Such variation 

could be due to differing herbivore pressures on each tissue; if the herbivore community 

varies, so too could selection pressures on glucosinolates. Our results, however, do not 

provide strong support for this hypothesis; no glucosinolate traits were significant in 

predicting herbivory on either tissue. This is contrast with previous work, which has 

shown that genotypes with high PropBC experience lower herbivory on leaves (Prasad 

et al. 2012). Overall, however, these data do not provide evidence that the effects of 

glucosinolate profile on herbivory vary between tissues. Detection of effects on 

herbivory often requires a very large sample size; this experiment may simply have 

lacked the necessary power. Alternative hypotheses include pleiotropic or 
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developmental effects. In A. thaliana, glucosinolates are transported within the plant 

with a high degree of specificity of type (Jørgensen et al. 2015); if transporters 

preferentially move specific compounds, that could also cause within-plant variation. 

Studies of the effect of glucosinolates on herbivory in other crucifer species have had 

complex results. Some have found clear effects of glucosinolate profile on damage or 

herbivore community composition (Bidart-Bouzat and Kliebenstein 2008; Newton et al. 

2009; Poelman et al. 2009), although such effects have not been universal (Moyes et al. 

2000). Numerous studies have found that the importance and effect of glucosinolate 

profile depend on the herbivore species (Clauss et al. 2006; Lankau 2007; Gols et al. 2008; 

Lankau and Strauss 2008; Newton et al. 2009; Müller et al. 2010; Züst et al. 2012).  

Our results are consistent with an adaptive explanation for variation in 

glucosinolate concentration within the plant. Although we do not find evidence that 

variation in glucosinolate profile within the plant affects herbivory, our results suggest 

that the within-plant variation in glucosinolate cocentration is adaptive; whether the 

between-tissue variation in glucosinolate profile is similarly adaptive is a question that 

remains to be answered. 
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Figure 1: Tissue types and glucosinolate variation in B. stricta. 

(A) Tissue types in B. stricta. Cauline leaves and fruits are produced within one 
growing season, following bolting. (B) Aliphatic glucosinolates of B. stricta. Each 

glucosinolate type is derived from methionine or one of two branched chain amino 
acids, valine or isoleucine. Two types are derived from valine. 
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Table 1: Effects of tissue removal treatments on fruit number.  

N = 722. Fruit number was log-transformed to improve normality. 

 D.F. F-ratio P-value 
Treatment 3 24.656 <0.0001 

Site 2   1.376   0.2530 
Treatment*Site 6     0.690   0.6577 

Height 1 204.435 <0.0001 
Stalk Number 1 232.031 <0.0001 
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Figure 2: Effects of clipping treatments on fruit number. 

Effects of clipping treatments on fruit number. Endogenous plants were 
randomly assigned to one of five treatments; for the removal treatments, 1/3rd of the total 

tissue in question was removed manually. Letters indicate significant pair-wise 
differences. The control, rosette, and cauline treatments are not significantly different, 
but flower and fruit removal significantly decreased fruit number. Error bars indicate 

standard error. 
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Table 2: Effects of ambient herbivory on fruit number.  

P-values and estimates for the effects of tissue damage on plant fitness. N = 593. 
Damage and fitness data were log-transformed to improve normality. Estimates are not 

reported for categorical variables. 

 P-value Estimate 
Site 0.003296  

Stage <0.0001  
Veg 0.9247 -0.000038 

Log(Rosette damage) 0.7496  0.006239 
Log(Cauline damage) 0.0074 -0.049900 

Log(Fruit damage) <0.0001 -0.131700 
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Figure 3: Effects of ambient herbivory on fruit number. 

Individuals are plotted as points. The slope of the line of fit is equal to the 
selection gradient on damage to that tissue. Damage to fruits reduces fitness 

significantly more than loss of cauline leaf tissue (P < 0.001). 
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Table 3: Variation in glucosinolate traits. 

P-values for variation in glucosinolate traits. PropBC is calculated as proportion 
of total glucosinolates derived from branched chain amino acids (BC-derived). PropVal 

is the proportion of BC-derived glucosinolates that are valine-derived, and 
Prop2OH1ME is the proportion of valine-derived glucosinolates that are made into 

2OH1ME.  PropBC, PropVal and Prop2OH1ME were arcsine transformed to improve 
normality. Statistically significant effects (P < 0.05) are indicated in bold. 

 
Factor Effect type ConGS 

N=485 
PropBC 
N=483 

PropVal 
N=448 

Prop2OH1ME 
N=452 

Site Fixed 0.1294 0.1552 0.0385 0.0029 
Subspecies Fixed 0.7674 0.0005 <0.0001 <0.0001 

Tissue Fixed <0.0001 <0.0001 0.0132 0.0174 
Stage Fixed 0.0009 0.1695 0.0435 0.1988 

Sample weight Fixed <0.0001 <0.0001 0.0701 0.6449 
Harvest date Fixed 0.4204 0.3120 0.9859 0.7378 

Site*Tissue Fixed 0.1285 <0.0001 0.1516 0.5338 
Subspecies*Tissue Fixed 0.9235 0.0227 0.0001 <0.0001 

Subspecies*site Fixed 0.0189 0.0934 0.0574 <0.0001 
Subsp*Site*Tissue Fixed 0.8558 0.0362 0.7455 0.4022 

Genotype[Subspecies] Random 0.1697 0.0015 0.0047 0.0565 
Block[Site] Random 0.1463 0.2098 0.3069 0.9313 
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Figure 4: Variation in glucosinolate concentration between cauline leaves and 
fruits. 

Fruits have a significantly higher concentration of glucosinolates than cauline 
leaves do (P < 0.0001). Error bars indicate standard error. 
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Figure 5: Variation in glucosinolate profile between cauline leaves and fruits. 

A) The proportion of total glucosinolates that are branched-chain derived 
glucosinolates, B) The proportion of branched-chain derived that are valine-derived, and 
C) The proportion of valine-derived that are 2OH1ME. Tissues differ significantly for all 

three traits. Error bars indicate standard error. 
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Figure 6: Differences in glucosinolate concentration and profile between 

subspecies. 

Differences were significant for PropBC, PropVal, and PropVal_2OH1ME 
 (P < 0.0125). Error bars represent standard error. 
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Figure 7: Subspecies * Tissue interactions for glucosinolate concentration and 

profile. 

EAST is shown in blue, WEST in orange. The interaction effect was significant for 
PropVal and PropVal_2OH1ME (P < 0.0125).  
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Table 4: Effects of glucosinolate traits on tissue damage. 

P-values for effects of glucosinolate traits on damage to cauline leaves and fruits. 
Due to deviations from normality for the individual data, these were calculated using 

genotype least square means (n=24). Using a Bonferroni correction for 2 tests, the 
significance threshold is 0.025. 

 
 Cauline damage Fruit damage 

ConGS-C 0.5276 0.6530 
PropBC-C 0.1916 0.1145 
PropVal-C 0.8261 0.9683 

Prop2OH1ME-C 0.1295 0.0962 
ConGS-F 0.2327 0.9727 

PropBC-F 0.7595 0.7739 
PropVal-F 0.3139 0.3201 

Prop2OH1ME-F 0.1254 0.1240 
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Chapter 2. Antagonistic selection between tissues 
constraints the evolution of plant chemical defenses 

2.1 Introduction 

Many species interactions involve multiple traits in the interacting individuals; 

this is even more true in the case of diffuse interactions involving a number of species. In 

antagonistic interactions, such as parasitism, herbivory, or disease, organisms may be 

under strong selection to evolve resistance; however, effective defenses against all 

enemies may not be possible. In some cases, such as between herbivores and pathogens, 

defense responses can be directly antagonistic (Glazebrook 2005; Thaler et al. 2012). 

Sometimes, chemicals that defend effectively against generalist insect herbivores are the 

very cues specialists use to find their hosts (Renwick et al. 1992; Roessingh et al. 1992; 

Sun et al. 2009). If control of defenses is shared throughout the plant, however, tissues 

that serve roles in attracting these specialists may not evolve independently from tissues 

that are fed upon. Given this complexity, how can populations effectively evolve 

defenses against a diverse community of enemies? 

Plants are not homogenous; different tissues vary extensively in their structure, 

purpose, chemistry, and innumerable other factors. Like many other traits, defenses, 

both chemical and physical, are not homogeneous within a plant (Zangerl and Bazzaz 

1992). It has been demonstrated in both Arabidopsis thaliana and Boechera stricta that 

glucosinolate concentrations and profiles vary between tissues (Brown et al. 2003, 

Chapter 1). Glucosinolates are not manufactured independently in each tissue, and long-
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distance transport of glucosinolates and precursors has been found in A. thaliana 

(reviewed in Halkier and Gershenzon 2006; Jørgensen et al. 2015). In A. thaliana, seeds 

may rely heavily on this transport, rather than local synthesis (Halkier and Gershenzon 

2006). As such, the allocation of different glucosinolate types throughout the plant is 

affected by a combination of the precursors made in source tissues, which molecules are 

transported where, and the later modifications that may happen in the sink tissue. Given 

this complex interaction, it is likely that glucosinolate profiles in different tissues are not 

independent, but that genetic controls are overlapping among tissues. 

Plant tissues are also likely to vary in the intensity of natural selection on 

defenses. The allocation of defenses has been widely studied. The Optimal Defense 

Hypothesis predicts investment in defenses to be highest in tissues with the highest 

value (reviewed in Stamp 2003); this has been supported in B. stricta, where fruits have 

3x higher concentrations of glucosinolates than leaves, and under natural conditions 

fruits are more costly to lose than leaves (see Chapter 1). The effects of variation in 

glucosinolate profile in multiple tissues is less well understood. The role of chemical 

defenses against herbivores is complex; while compounds such as glucosinolates may 

deter a wide range of herbivores, they may also serve as feeding or oviposition cues for 

specialist insects, and play a role in pathogen interactions (reviewed inHalkier and 

Gershenzon 2006). Different guilds of herbivores may also vary in their reactions to 

glucosinolates; changing the composition of the insect community has been shown to 
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drastically change selection on defenses (Lankau 2007). Specialists may rely on 

glucosinolates in specific tissues as oviposition cues (Renwick et al. 1992; Roessingh et al. 

1992; Sun et al. 2009); some specialists, such as the seed predators that commonly occur 

on B. stricta (personal observation), may also feed on only a single tissue. Additionally, 

the insect community varies seasonally (personal observation), as do the parts of the 

plant that are present. Different plant tissues interact with overlapping but not identical 

communities of herbivores; thus, we predict that selection on defenses will vary between 

tissues. Given the biochemical interactions among tissues, we then ask whether there are 

genetic covariances between glucosinolate traits in different tissues, and whether the 

covariances affect the evolution of defenses in the entire plant. 

Populations may not be able to respond effectively to selection on a suite of 

traits. Multiple factors may slow or prevent a population from reaching a theoretical 

evolutionary optimum; these can include lack of genetic variance for a trait, 

developmental or physiological constraints, or pleiotropy (Lande 1979; Schluter 1996; 

Roff and Fairbairn 2007; Dudycha et al. 2013). Many traits do not evolve independently. 

The relationships between traits can be studied using the G-matrix, a square matrix 

composed of the genetic variances and covariances (Lande 1979; Lande and Arnold 

1983). When genetic covariances are present, they cause selection on one trait to exert 

indirect selection on another (Lande 1979; Lande and Arnold 1983). While such genetic 

covariances are not predicted to prevent a population from reaching the evolutionary 
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optimum unless there is a complete absence of genetic variation in the direction of 

selection, they may reduce the response to selection, slowing the rate of adaptation 

(Conner 2012). If optima shift frequently, this slower rate of evolution may prevent the 

population from reaching an adaptive peak before it changes (Jones et al. 2012). Plant-

herbivore interactions may result in just such rapid shifting of selective regime; changes 

in the insect community may rapidly change selective pressures on defenses (Lankau 

2007), sometimes as rapidly as one year to the next (Strauss and Irwin 2004). As such, the 

potential exists for significant constraints in the response to selection to have major 

effects on population fitness.  

Although genetic covariances are commonly invoked as causes of evolutionary 

constraint, this is not in fact guaranteed. The effects of the G-matrix on the evolution of a 

population can be studied using the multivariate breeder’s equation, which states that G 

* b = !"; that is, that the vector of the responses to selection (!") is equal to the G-matrix 

multiplied by the vector of the selection gradients (b). The orientations of the G-matrix 

and the selection gradients together determine whether the covariances speed up 

(facilitate), slow down (constrain) or have no effect on the population’s approach to the 

evolutionary optimum (Agrawal and Stinchcombe 2009; Conner 2012). Thus, in order to 

understand the effects of the G-matrix on the evolution of a population, we must 

measure the genetic variances and covariances, and also the selection gradients acting 

on the traits (Smith and Rausher 2008; Agrawal and Stinchcombe 2009; Wise and 
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Rausher 2013).  

Here, we ask whether chemical defenses in plant tissues evolve independently, 

and if not, whether genetic covariances constrain or facilitate evolution of defenses 

throughout the plant. We answer these questions using a common garden experiment to 

estimate the G-matrix and selection gradients for glucosinolates in rosette leaves, cauline 

leaves, and fruits. By comparing the predicted response to selection to one obtained by 

systematically constraining the genetic covariances to zero, we investigate the effects of 

these covariances on the predicted evolutionary trajectory of the population. 

Covariances between glucosinolate traits exist between two traits within a single 

tissue and also between a specific compound in different tissues. As we were interested 

in the effects of both types of covariances, we made two comparisons. First we tested the 

effects of constraining all covariances to zero. Then, to ask more specifically if 

covariances between the tissues exercised constraints, we removed only the covariances 

acting on PropBC between tissues, while keeping the observed value for all other 

covariances. This approach tested specifically the effects of covariances between PropBC 

in different tissues. Selection on a single compound in two tissues has the potential to be 

either antagonistic (in opposing directions) or synergistic (in the same direction). We 

investigated the effects of genetic covariances under both types of selection.  

2.2 Methods 

2.2.1 Experimental protocol 
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2.2.1.1 Study system 

Boechera stricta, a close relative of Arabidopsis, is a model system for evolutionary 

genetics (Rushworth et al. 2011; Lee et al. 2017). B. stricta occurs in much of the western 

United States, in environments ranging from sagebrush prairie to high alpine meadows 

(Rushworth et al. 2011). B. stricta is predominantly selfing, and endogenous plants are 

naturally inbred (Rushworth et al. 2011). A short-lived perennial, B. stricta overwinters 

as a rosette. In a growing season, a plant may enter a reproductive phase, growing a 

bolting stalk that bears the cauline leaves, flowers, and fruits. A diverse range of 

herbivores feed on many tissues of the plant (personal observation).  

Like many other crucifers, one of the key defenses in B. stricta is glucosinolates, 

chemical compounds found throughout the plant. B. stricta manufactures four types of 

aliphatic glucosinolates; any given individual has one to four compounds present. 

Glucosinolates vary among tissues both in total concentration and in the relative 

proportions of the four types, as described in Chapter 1. Unlike other crucifers, B. stricta 

synthesizes some glucosinolates from the branched chain amino acids isoleucine and 

valine, as well as methionine (Prasad et al. 2012). Genetic variation exists for the 

proportion of glucosinolates that are branched chain derived; in the leaves, this trait has 

been shown to affect herbivory and fitness under natural conditions, and a gene of major 

effect has been identified (Prasad et al. 2012). The branched chain-derived ratio also 

varies between tissues; the proportion of branched-chain glucosinolates is 
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approximately 20% lower in fruits than in cauline leaves. (Keith and Mitchell-Olds, in 

review). 

2.2.1.2 Site 

Experimental plants were grown in a common garden in central Idaho, USA. The 

area where the site is located has been relatively undisturbed for approximately 3000 

years (Brunelle et al. 2005). The garden was located at 8,300 feet elevation, in a sagebrush 

meadow. The site was located on public Forest Service land, and was used under a 

Special Use Permit from the Salmon-Challis National Forest Service.  

2.2.1.3 Experimental design 

Seeds were collected from naturally inbred endogenous plants growing in the 

valley where the common garden was located. The collection area covered 

approximately 15 square kilometers and collection sites ranged from 2300 meters to 2880 

meters elevation. In order to avoid collecting clonal replicates, collections were spaced a 

minimum of 3 meters apart. The habitats of the collected plants included sagebrush 

meadows, riparian areas, and alpine forests and meadows. 100 accessions were 

randomly chosen from the collections for inclusion in this experiment. Genotypes were 

grown for a generation in the greenhouse to minimize maternal effects. 

As plants require vernalization to reproduce and overwintering in the natural 

environment increases synchronization with endogenous plants, plants were 

germinated and transplanted a year before data collection. Seeds were germinated in 
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petri dishes and kept in the dark for 3 days before being transferred to a growth 

chamber which was kept at 14 hour days at 20 degrees. After a week in the petri dishes, 

we transplanted the seedlings into  2.5 cm by 12 cm plastic conetainers (Stuewe and 

Sons, Inc.), and grew them in the Duke University greenhouse. At ten weeks old, in June 

of 2014 and 2015 (referred to as the 2015 and 2016 cohorts, respectively), plants were 

transported to Idaho, USA via overnight shipping. We planted them in randomized 

blocks of 100 plants, divided into sub-blocks of 50. Each block had one individual of 

each genotype. The 2015 cohort was 3,000 plants, and the 2016 cohort was 2,000. 

Individuals were planted directly into the surrounding vegetation, 10 cm apart. We 

watered plants immediately after transplanting and continued watering every 7-10 days 

through early August, in order to help establishment. After August, plants were 

dependent on natural moisture. We collected data on plants in June-August of the year 

following transplanting. 

2.2.1.4 Herbivory and fitness censuses 

The following summer, we censused plants several times over the growing 

season, scoring stage, height, density of surrounding vegetation, disease severity, 

herbivore damage, and fruit number. Height was measured as distance from the ground 

to the tallest living part of the plant. Plant stage was defined as dead, rosette, bolting, 

flowers only, flowers and siliques, or siliques only. Vegetation density was scored as 

percentage of ground cover for a ten centimeter square around the focal plant. “Top-
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chewed-off” (TCO) was scored as a binary, 1 if the entire top of the plant had been 

removed, 0 if it had not. Disease severity was scored using the Schreiner Scale (Schreiner 

1959). We scored disease severity on the most heavily infected leaves as light (score = 1), 

medium (score = 5), or heavy (score = 25). Then we estimated the percentage of leaves 

that were infected and assigned them to bins, which were <25% (score = 1), 26-50% 

(score = 2), 51-75% (score = 3), or >75% (score = 4). The two scores were multiplied to 

produce the final Schreiner score, which ranges from zero (no disease) to one hundred 

(heavy disease on >75% of the plant).  

Three separate measurements of herbivore damage were estimated, for rosette 

leaves, cauline leaves and fruits. Damage was estimated as the total percentage of each 

tissue that was removed; this was measured by counting the total number of 

leaves/fruits, the number that were damaged, and the average percentage of tissue 

removed on the damaged leaves/fruits. The total percent damaged was calculated as 

(number damaged*percent removed)/total leaf number. Leaf herbivory was censused in 

late June in 2015 and mid-July in 2016, at approximately peak herbivory. Herbivore 

damage is visible after it occurs, but the leaves senesce mid-way through the growing 

season; we timed our census to capture maximum possible damage while most of the 

leaves were still alive. Fruit damage and fitness were censused in late July, when fruits 

were elongated and mostly mature. Fitness was estimated using fruit number, adjusted 

for the percentage of fruits removed by herbivores.  
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2.2.1.5 HPLC 

Samples for glucosinolate analysis were collected from experimental plants in the 

common garden. We collected rosette leaf, cauline leaf, and fruit samples from 3 

flowering or fruiting individuals of each genotype in each cohort, survival permitting. 

We collected from plants that were bolting, flowering and/or fruiting, and preferentially 

chose plants that had low levels of disease (Schreiner Score ≤ 15); within those 

constraints, plants were chosen randomly. If there were not three appropriate plants of a 

given genotype, we collected from as many as were available. When possible, we 

collected all three tissues from each plant. Healthy leaves were collected immediately 

following herbivory censuses, in late June in 2015 and mid-July of 2016 (the timing 

varied due to annual differences in moisture, temperature, and the timing of plant 

growth and leaf senescence). Fruit samples were collected in late July, from immature 

fruits that were still green and not fully elongated. In 2015, we collected a total of 275 

rosette leaves, 269 cauline leaves, and 256 fruits; in 2016, 247 rosette leaves, 276 cauline 

leaves, and 233 fruits. In 2015, there were 167 individuals for which we collected all 

three tissues; in 2016, 159 individuals. 

 Glucosinolates were quantified using high pressure liquid chromatography, 

following the methods in (Prasad et al. 2012). In brief, leaf and fruit samples were 

collected directly into 1.8 ml 70% methanol. After a minimum of 4 weeks, to ensure that 

all glucosinolates had leached into the methanol, the tissue was removed, dried, and 
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weighed. We extracted glucosinolates from the leachate using a prepared Sephadex 

column, washed with 70% methanol, water, and 1M NaOAC. 30 ul of sinigrin was 

added to each sample as an internal standard. Desulfo-glucosinolates were quantified 

using an Agilent 1100 High pressure liquid chromatography system, as described in 

(Prasad et al. 2012).  

Peaks were called using Agilent Chemstation. Samples that had no peaks or 

irregular peaks were excluded and re-run; if the second run had clear peaks it was 

included, or if it was still irregular, the sample was excluded from further analyses. The 

concentration of each glucosinolate compound was calculated using a custom Python 

script. We used the relative response factors (RRF) reported by Brown et al. (Brown et al. 

2003), which were 1.0 for all compounds except 2OH1ME, which has an RRF of 1.32. The 

total quantity of each glucosinolate type was calculated as [(0.05 micromole sinigrin) * 

(area of peak for compound x)]/[(area of sinigrin peak) * (RRF)]. We divided the total 

quantity by the dry weight of the sample to calculate the concentration in micromole/mg 

(ConGS). We also calculated the proportion of total glucosinolates that were derived 

from branched chain amino acids rather than methionine (PropBC). Glucosinolate traits 

are reported by tissue; ConGS-R, ConGS-C, and ConGS-F and PropBC-R, PropBC-C, and 

PropBC-F (concentration and proportion branched chain-derived in rosette leaves, 

cauline leaves and fruits, respectively).  

2.2.2 Statistical analyses 
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Individuals were removed from the dataset if they had conflicting stage data 

indicating an error in censusing that could not be resolved; for example, if they were 

recorded as dead for the herbivory census, but fruiting for the final fitness census, or the 

reverse. 29 individuals were removed in total. All traits, including glucosinolates, 

height, and disease score were standardized to a mean of zero and standard deviation of 

one. Relative fitness was calculated by dividing fruit number (corrected for damage) by 

the mean of the population. Standardized traits and relative fitness were used for all 

subsequent analyses. 

2.2.2.1 Selection 

Selection on glucosinolate traits was calculated using a standardized phenotypic-

selection analysis (Lande and Arnold 1983). For this analysis we were interested in the 

fecundity component of fitness in plants that did not suffer major destruction, and so 

excluded plants that were TCO, including them in a separate analysis of early episodes 

of selection. Using the lme4 package in R (Bates et al. 2015), we performed a multiple 

linear regression of fruit number (a proxy for fitness in this short-lived perennial), on 

glucosinolate traits and covariates. The complete model was Relative fitness = ConGS-R 

+ PropBC-R + ConGS-C + PropBC-C + ConGS-F + PropBC-F + Cohort + Veg + Stage + 

Schreiner + Block[Cohort] + Genotype. Block and Genotype were random effects. The 

regression coefficients from this model are the selection gradients for each trait. As this 

analysis could only be performed on individuals for which we had glucosinolate 
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samples for all three tissues, the final sample size was 326 individuals, and included 100 

families. 

The difference between the selection gradients of two traits, PropBC-C and 

PropBC-F, was of additional interest. Using a custom R script, we performed a 

permutation test of whether the estimate for PropBC-F was significantly lower than that 

for PropBC-C. For each of 2,000 permutations, we randomized the PropBC values 

between tissues for each individual; that is, each individual randomly retained the 

original data, or switched the PropBC values between the two tissues. Using the 

randomized values, we recalculated the selection gradients for each trait, and the 

difference between them in each permuted dataset. The P-value for this two-tailed test 

was calculated as the proportion of the permutation results that were less than the 

observed difference, with a significance threshold of P = 0.025.  

As glucosinolate samples for leaves and fruits could only be obtained from 

plants that survived and reproduced, the selection gradients we calculated did not 

account for a potential “invisible fraction” effect, which may mislead fitness estimates 

(Bennington and McGraw 1995; Nakagawa and Freckleton 2008; Mojica and Kelly 2010). 

In order to investigate whether GS traits affected survival, bolting or TCO occurring 

before sampling took place, we tested whether the genotype least square means for 

glucosinolate traits in the sampled plants predicted the percentage of survivors or 

reproductive plants among the complete cohort. Genotype LS means for each 
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glucosinolate trait were calculated in JMP12 using a Standard Least Squares REML 

model that included Genotype, Cohort, Block[Cohort], Schreiner Score, Stage, Height 

and Veg as covariates (N = 317). We used a custom script in R (R Core Team 2016), 

including the packages car and dplyr for data management (Fox and Wieisberg 2011; 

Wickham and Francois 2015), to calculate the percentage of individuals that survived 

(N2015 = 2972, N2016 = 2000), the percentage of survivors that bolted (N2015 = 2050, N2016 = 

1047), and the percentage of those that bolted that had their tops chewed off (TCO) for 

each genotype in each cohort (N2015 = 779, N2016 = 1047) . We then used a Standard Least 

Squares REML model in JMP to ask whether each glucosinolate trait affected rates of 

survival, bolting, or TCO in each cohort. After using a Bonferroni  correction for six 

independent tests (three traits in each of two cohorts), our significance threshold was P < 

0.00833. 

2.2.2.2 Glucosinolates and interactions 

In order to better understand the selective forces acting on glucosinolates, we 

tested whether ConGS and PropBC in each tissue affected herbivory on these tissues. We 

did not limit the test to only the glucosinolate profile of the tissue in question, as 

glucosinolate concentration in one tissue may potentially affect herbivory on another; for 

example, if insects are attracted to specific compounds in the fruits, and lay eggs which 

subsequently hatch into larvae that eat the leaves. Thus, every model included ConGS 

and PropBC in each tissue, rather than just the traits for that specific tissue. We 
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calculated genotype least square means for herbivore damage using the same model as 

above for the glucosinolate means. We then used a Least Squares REML model in JMP to 

test whether genotype means for glucosinolate traits predicted mean damage on each 

tissue. The sample size was 98 families. As we ran three separate models for damage on 

each tissue, we used a Bonferroni correction, resulting in a significance threshold of P < 

0.0167. 

We also investigated whether glucosinolate profile had an effect on disease 

severity. Out of concern that severe disease might affect glucosinolate production, we 

collected samples only from individuals that had a low disease severity (details above). 

Thus, we could not effectively look at the effects of glucosinolates on disease using 

individual data. Instead, we calculated the genotype LS means for disease severity, 

using block, cohort, stage and veg as covariates (N = 2148); we did not use height as a 

covariate, as we did for glucosinolate traits, as disease may decrease overall growth. We 

used the genotype LS means for glucosinolates used for the survival analyses, and 

genotype LS means for disease severity to run an Standard Least Squares REML model 

in JMP, asking whether any of the six glucosinolate traits predicted disease severity (N = 

98 families). 

2.2.2.3 Geographical patterns 

We tested whether there was spatial structure for glucosinolate profile across the 

valley where genotypes were originally collected. We quantified the position of the 
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parental plant as a set of coordinates measuring the distance north and the distance west 

from an origin point in meters. We used genotype least square means from PropBC-C as 

the response for a Standard Least Squares REML model in JMP, with the distance north 

(equivalent to scaled latitude), the distance west (equivalent to scaled longitude) and 

elevation of origin as the effects (N = 98 families).  

2.2.2.4 Estimating the G-matrix and the response to selection 

We constructed a G-matrix that included ConGS and PropBC in rosette leaves, 

cauline leaves, and fruits. Two G-matrices were constructed for comparison; one was 

composed of variance and covariance components, while the other was variances and 

covariances of line means. Use of covariance components eliminates the effect of shared 

environmental variance, which if present inflates the estimate of genetic covariances 

from line means; however, covariance components are much more computationally 

intensive to calculate.  

Genetic variance components were estimated in JMP12 from the variance 

component for genotype in the model Trait = Cohort + Block[Cohort] + Genotype + Stage 

+ Schreiner Score. Block and Genotype were random effects. The significance was 

determined by significance of Genotype in the model. A Bonferroni correction for six 

multiple tests resulted in a significance threshold of P < 0.0083. Genetic covariance 

components were estimated using a custom SAS script, which calculated the covariance 

parameters for each pair of glucosinolate traits. Significance of each covariance was 
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calculated by constraining the covariance to zero and using a log-likelihood ratio test (N 

= 328). 

Genetic variances and covariances were also calculated using line means for each 

glucosinolate trait and the covariates, using a custom R script (N = 98 families). We 

compared the matrices estimated using each method and found that covariance 

estimates were highly similar between the two methods (Table 5). Given this similarity, 

we concluded that shared environmental variance had minimal effects on the genetic 

covariances calculated from line means; as calculating the covariance components was 

computationally intensive and infeasible for the bootstrapping analyses, further analyses 

and the results reported here used (co)variances of line means.  

The vector of predicted responses to selection, !", was calculated by multiplying 

the estimated G-matrix with the selection gradients, b (Lande 1979). In order to test for 

the effects of genetic covariances on the evolution of GS traits, we manually constrained 

the genetic covariances to 0 to generate Gnc. Gnc was multiplied by b to generate !"nc, the 

predicted response to selection in the absence of genetic covariances. We calculated the 

Euclidean lengths of vectors !" and !"nc to obtain the magnitude of the responses to 

selection with or without genetic covariances,  R and Rnc, respectively. These represent 

the amount of change in the next generation; if R < Rnc, this indicates a smaller amount of 

change when genetic covariances are present, suggesting that the covariances constrain 

evolution (Smith and Rausher 2008; Agrawal and Stinchcombe 2009; Conner 2012; Wise 
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and Rausher 2013). Conversely, if R > Rnc, this suggests that the genetic covariances are 

facilitating the response to selection, that the population evolves more rapidly because 

of them. This measurement does not, however, consider the direction of that response, 

only the total amount of change. 

To test whether the difference between !" and !"nc was statistically significant, 

we used a bootstrapping approach. For each of 2,000 iterations, we re-sampled, with 

replacement, the families and then the individuals within each sampled family. We then 

estimated b, G, and Gnc for each bootstrap sample. We then calculated !"  and !"nc for 

each bootstrap sample and used them to calculate bootstrap values of R and Rnc.  

To determine whether the original values of !"  and !"nc were significantly 

different, we used a discriminant function analysis (DFA) approach in R, using the 

package MASS (Ripley 2002). The	!" and !"nc vectors from each bootstrapped result 

represent a pair of points in 6-dimensional space. The results of the bootstrapped 

datasets give a set of 2,000 pairs of points for	!" and !"nc. To test whether these sets of 

points differed significantly, we first used DFA to calculate a trait axis from the center of 

the cloud of points of !"  to the center of the cloud of points of !"nc. Next, for each pair 

of points from a bootstrap sample, we used the eigenvector for the first DFA axis and 

projected the paired points !"  and !"nc onto the trait axis, and took the directional 

difference between these projected values. To infer statistical significance, we then asked 

whether the 95% confidence interval of the distribution of the differences included zero. 
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If it did not, we concluded that !"  and !"nc were significantly different in at least one 

dimension. Following that multivariate comparison, subsequent univariate analyses 

were conducted, testing whether the 95% confidence interval of the distribution of the 

difference Δ%i  and Δ%inc included zero (Scheiner and Gurevitch 2001). 

We tested whether covariances affect the magnitude of the response to selection 

by calculating the absolute difference between R and Rnc for each bootstrap sample; that 

is, whether covariances affected the total amount of predicted change. In addition to the 

total length of R and Rnc, we made two comparisons for the responses for each trait 

individually. First, for each bootstrap sample we calculated the univariate difference 

between Δ%i  and Δ%nci for the trait to test whether the covariances altered responses to 

selection. Second, we calculated the absolute difference (i.e., the Euclidian distance) 

between Δ%i  and Δ%nci vectors, to test whether the total magnitude of change for the trait 

was affected by the covariances. For significance of both the total magnitude and trait-

specific tests, we used a two-tailed test of whether the 95% bootstrap confidence interval 

of the distribution of differences included zero. If more than 97.5% of the results for |R|-

|Rnc| were < 0, we concluded that genetic covariances constrained the response to 

selection; if more than 97.5% were > 0, we concluded that genetic covariances facilitated 

evolution. We also performed a similar analysis for each trait individually, asking 

whether the distribution of |Δzi|-	|Δ%nci|  for a given trait included zero. 

2.2.2.5 Testing between-tissue covariances 
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The above analysis tested the effects of the complete set of covariances; we also 

wanted to distinguish the effects of just the covariances between PropBC in each tissue. 

In order to do this, we repeated the above analyses, except that the only covariances that 

were constrained to zero while calculating !"nc were those between PropBC-R, PropBC-

C, and PropBC-F. Otherwise, the analysis was the same. 

2.2.2.6 Antagonistic vs. synergistic selection 

For PropBC, we observed antagonistic selection between cauline leaves and 

fruits, with selection in opposite directions in the two tissues. In order to also investigate 

the effects of genetic covariances under synergistic selection between the tissues, we 

repeated the above analysis for the hypothetical case of identical selection gradients 

between the tissues. For the observed values and each bootstrap iteration, we took the 

average of the absolute values of the selection gradients for PropBC-C and PropBC-F, 

and used that as the selection gradient for both; that is, we imposed selection of 

intermediate strength to increase PropBC on both tissues. Using these synergistic 

selection gradients, we repeated the above analyses, testing the effects of both the total 

set of covariances and the between-tissue covariances in PropBC. 

2.3  Results 

2.3.1 Field 

Of the 3,000 individuals in the 2015 cohort, 2,050 survived until data collection; of 

the 2,000 individuals in the 2016 cohort, 1,047 survived. In 2015, 909 plants bolted; in 
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2016, it was 319. Rosette leaves experience an average of 9.0% herbivore damage; cauline 

leaves were on average damaged by 13.7%, and fruits by 4.4%. Unexpectedly, both 

cohorts experienced high frequencies of visible mildew infection, which had not 

previously been observed in that garden. We took this into account by scoring disease 

severity (Schreiner Score) for each plant and using it as a covariate in subsequent 

analyses.  

PropBC in each tissue differed significantly across the valley, although no such 

spatial pattern was apparent for glucosinolate concentration (Table 6). Most of the 

genotypes from the north-facing slope near the experimental garden had low PropBC 

values; genotypes in the rest of the valley tended to have moderate to high PropBC, as 

represented by PropBC-C (Figure 8).  

2.3.2 Selection analyses 

Significant selection gradients for the fecundity component of fitness in 

reproducing individuals were found for 3 traits: ConGS-R, PropBC-C, and PropBC-F 

(Table 7). There was strong selection against a high ConGS-R. PropBC experienced 

opposing directions of selection in cauline leaves and fruits; a higher PropBC was 

favored in leaves, but was disadvantageous in fruits (Figure 9). The permutation test 

showed a highly significant difference between the selection gradients for PropBC-C and 

PropBC-F (P < 0.0001).  

We found no significant evidence for selection on the “invisible fraction.” After 
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correcting for multiple tests, such that our significance threshold was P < 0.00833, none 

of the glucosinolate traits were significant predictors of survival, bolting, or TCO in 

either cohort (Table 8). Thus, we have no evidence that glucosinolate traits are involved 

in early selection events that would render our selection gradients inaccurate. 

2.3.3 Glucosinolates and interactions 

Herbivore damage was not predicted by glucosinolate profile in any tissue 

(Table 9). Similarly, no glucosinolate traits were significant predictors of disease severity 

(Table 10).  

2.3.4 Estimating the G-matrix  

Significant genetic variance components were found for all traits except ConGS-R 

and ConGS-F (Table 11; Table 12). Six of the fifteen genetic covariance components were 

significant, using a Bonferroni correction for fifteen tests (Table 13). All of the observed 

covariances were positive. The estimates of genetic covariance components and 

covariances among line means were very similar (Table 5), indicating that shared 

environmental covariances were minimal in their effects on these traits. Thus, the use of 

line-mean covariances in the following analyses does not overestimate the genetic 

covariances.  

2.3.5 The response to selection and the effects of covariances 

The direction of difference between !" and !"nc was consistent in 1,994 of the 

2,000 bootstrap iterations, indicating that genetic covariances have a highly significant 
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influence on response to selection (Table 14). Of the six individual traits, ∆%) and Δ%nci 

differed significantly for ConGS and PropBC in both cauline leaves and fruits (Figures 9 

and 10; Table 14). For ConGS-C and PropBC-C, removal of covariances resulted in a 

change of sign, from a negative trait change Δ%i to a positive change Δ%nci. When we 

examined selection gradients that were synergistic between tissues, we found that  !" 

and !"nc differed significantly, as did Δ%i  and Δ%nci for all traits except ConGS-C; there 

were no changes in the directions of the responses, however. 

Using the observed pattern of antagonistic selection on PropBC between cauline 

leaves and fruits, the total magnitude of !"  and !"nc did not differ significantly, 

indicating that genetic covariances influence the direction but not the magnitude of 

evolutionary change (Table 15). Under synergistic selection between tissues, covariances 

affected the magnitude of the total evolutionary change, as well as the amount of change 

in PropBC in all three tissues.  

Even when only the between-tissue PropBC covariances were constrained to 

zero, they still had a significant effect on the response to selection (Table 16). Eliminating 

those covariances had no effect on the change in ConGS in any tissue, but there was a 

significant difference between Δ%i  and Δ%nci for PropBC-C and PropBC-F. The effects on 

those two traits were similar to that of removing all the covariances; a change in sign for 

the response in PropBC-C, and a significant difference for PropBC-F. Unlike the analysis 

of the full set of covariances, the between-tissue covariances cause an overall effect on 
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the magnitude of the response to selection, as well as a change in the amount of change 

in PropBC-F. For these significant responses, the difference was negative, indicating 

constraint. When synergistic selection was applied to this analysis, we found significant 

differences in the magnitude of !"  and !"nc, as well as the magnitude of the response 

for PropBC in all three tissues (Table 17). The differences in magnitude were positive, 

indicating that covariances augmented the response to selection. 

2.4 Discussion 

2.4.1 Selection  

Our results show conclusively that glucosinolate profiles experience different 

patterns of natural selection in different plant tissues. Which traits were under 

significant amounts of selection varied by tissue; selection was acting on total 

concentration in rosette leaves, and on PropBC in cauline leaves and fruits. The direction 

of selection also varied among tissues, favoring high PropBC in cauline leaves, but low 

PropBC in fruits. This antagonistic selection on adjacent plant tissues provides a striking 

example of how the roles of specific chemical compounds may vary among different 

plant tissues.  

The causes of this antagonistic selection are not apparent from our data; no 

glucosinolate traits were significant predictors of either herbivory or disease severity. 

This is somewhat unexpected, given previous work that has demonstrated effects of 

PropBC on leaf damage; however, such effects have depended on year and location, 
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they are not always present, and they require large sample sizes to detect (Prasad et al. 

2012). In theory, opposing directions of selection on glucosinolates in different tissues 

could be explained by differences in how insects interact with each tissue. In B. stricta, 

we observe flying insects ovipositing in or on flowers and leaves, often producing larvae 

that move down the plant to feed on the leaves (personal observation). In such 

interactions, reproductive tissues might play a larger role in attracting herbivores, while 

defenses in leaves could be more effective as deterrents. Our results are consistent with 

this being the case, if BC-derived glucosinolates serve as both attractants and deterrents. 

However, without further experiments we cannot answer the question directly.  

Selection on glucosinolate profile may also be driven by other interactions; 

glucosinolates are involved in interactions with a large number of species, including 

pathogens (Halkier and Gershenzon 2006). A fungal pathogen was present on a number 

of plants; if glucosinolates in different tissues mediate interactions with this pathogen, 

that could also explain the variation in selection. Some evidence also suggests that 

glucosinolate profile is correlated with interactions with abiotic environmental factors in 

B. stricta (L. Carley and J. Mojica, unpublished data). The potential selective factors 

acting on glucosinolates are, therefore, complex; the data here, however, do not allow us 

to draw any conclusions about the nature of these selective pressures.  

Our results suggest that quantifying defenses in only one tissue may provide an 

incomplete picture of selective pressures acting on defenses. By expanding our analysis 
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to include more tissues, we broaden our understanding of the selective pressures acting 

on defense traits.  

2.4.2 Genetic covariances and evolutionary constraints 

Traits in different tissues may evolve independently, if they have independent 

genetic controls; in the case of pleiotropy or tight linkage, however, change in one tissue 

may drive change in another. Such indirect selection influenced by genetic covariances 

can potentially result in either facilitation or constraint, depending on patterns of 

covariation and selection (Conner 2012). If selective pressures are synergistic between 

tissues and the traits covary positively, indirect selection will facilitate the evolution of 

resistance, causing the population to move towards the evolutionary optimum more 

rapidly. If, however, selection acts against the direction of the covariance, indirect 

selection will cause constraints, slowing the evolution of the population. 

We found that covariances between glucosinolate traits were common, both 

between and within tissues. Of the fifteen pairwise covariances, six were significantly 

positive, and five more were marginally significant. Positive covariances in 

glucosinolate traits between tissues are not unexpected, based on known genetic and 

molecular mechanisms of synthesis and transport. Glucosinolates are transported long 

distances throughout the plant, with complex source-sink dynamics (Jørgensen et al. 

2015). Unless transporters are highly biased towards specific compounds, glucosinolates 

in sink tissues are likely to reflect those found in source tissues. A single gene of major 
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effect has been identified for PropBC in leaves (Prasad et al. 2012); if a plant lacks the 

necessary allele to make BC-derived glucosinolates, then no such glucosinolates can be 

present in any part of the plant. 

Within this population, glucosinolate defenses in leaves and fruits are clearly not 

evolving independently. This is evidenced by the fact that removing the genetic 

covariances had significant effects on the predicted evolution of defenses. This effect 

was driven largely by antagonistic selection and the covariances in PropBC between 

cauline leaves and fruits.  

The importance of antagonistic selection is shown in the comparisons with 

response to synergistic selection gradients. Under the observed antagonistic selection 

values, we found that the covariances caused a change in sign in the response of 

PropBC-C; that is, although selection favored increased PropBC in the cauline leaves, the 

actual predicted response was a decrease. This was caused by the covariance with 

PropBC-F, as shown in the analysis where we removed only the between-tissue 

covariances. Eliminating just those three covariances resulted in similar effects on 

change in PropBC as eliminating all of them did; a change in the sign of PropBC-C, and 

of magnitude for PropBC-F. The between-tissue covariances appear to drive most of the 

differences between Δ%i and Δ%nci for PropBC. In contrast, when we applied selection 

gradients that were synergistic between tissues, we did not find any change in sign 

resulting from the elimination of the covariances, nor any other indication of constraint.  
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Total magnitude of change has been a typical measurement of facilitation and 

constraint caused by covariances (Agrawal and Stinchcombe 2009). This measurement 

does not consider the direction of change for any trait, but only the total amount. Under 

antagonistic selection, removal of the complete set of covariances did not affect the 

magnitude of either the multi-trait vector or the responses of individual traits. However, 

this does not necessarily mean that there are no effects of the covariances. Use of 

magnitude as a yardstick is most appropriate when the selection gradients are in a 

consistent direction, such as when measuring resistance to herbivores (Smith and 

Rausher 2008; Wise and Rausher 2013); in such a case, the direction of change is unlikely 

to change when covariances are removed. This is what we observed when applying 

synergistic selection; the directions of the responses did not change based on the 

covariances, but the magnitude of the response did. Such a change in magnitude will 

affect how quickly the population reaches an evolutionary optimum, but may have a 

less profound effect than the change in sign that resulted from antagonistic selection.  

The nature of the constraints varied between tissues. In the rosette leaves, 

removal of the genetic covariances had no significant effect on the response to selection; 

glucosinolate profile in these leaves may evolve relatively independently. Both traits in 

the cauline leaves reversed the direction of the responses with covariances; that is, 

indirect selection caused both to evolve in non-adaptive directions. In the fruits, the 

response to selection was affected by the covariances, but did not change in sign, merely 
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in magnitude. With PropBC, it appears that opposing directions of selection in the two 

tissues caused constraints in both. In cauline leaves, genetic covariances cause evolution 

in a non-adaptive direction; in fruits, although the sign of evolutionary change doesn’t 

shift, covariances cause a decrease in the magnitude of the response. 

A meta-analysis by Agrawal and Stinchcombe (2009) did not find a net trend 

towards constraints caused by covariances; in many cases covariances had little effect, 

and the remainder were approximately equally balanced between constraint and 

augmentation. Other studies, however, have identified examples of constraint (Etterson 

and Shaw 2001; Smith and Rausher 2008), including specifically in the evolution of 

defenses against herbivores (Wise and Rausher 2013). Wise and Rausher (2013) 

demonstrated strong constraint in the evolution of resistance to multiple herbivores in 

Solanum. In this case, however, they observed primarily synergistic selection in 

resistance to herbivores; that is, all but one of the significant selective gradients were in 

the same direction (increased resistance). The constraint resulted from negative genetic 

covariances. Here, investigating specific traits that are likely to contribute to herbivore 

resistance, we also find constraint, but for opposing reasons; the traits covary positively, 

but constraints are driven by antagonistic selection.  

The approach used here is appropriate for quantitative traits which are 

controlled by many loci of small effect (Lande 1980; Agrawal et al. 2001). PropBC is not a 

typical quantitative trait, however; a large amount of the genetic variance is controlled 
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by a single locus of large effect, BCMA (Prasad et al. 2012). G is predicted to evolve very 

differently when variation is due to genes of major effect, rather than many loci of small 

effect (Agrawal et al. 2001). Under these circumstances, change in the allele frequency at 

a single locus has the potential to rapidly change the genetic variances and covariances 

of the population, producing rapid and and potentially transient changes in G (Agrawal 

et al. 2001; Kelly 2009).  

Constraints caused by genetic covariances are not predicted to keep a population 

from reaching an evolutionary optimum in the long term; if any variation exists against 

the direction of the covariance, constraints may slow adaptation, but not entirely 

prevent it (Conner 2012). The importance of genetic covariances in determining the 

evolutionary trajectory of populations has been debated (Conner 2012); even very strong 

covariances have been demonstrated to break down quickly under strong selection, 

casting doubt on how long they would exercise constraints in a population (Beldade et 

al. 2002; Frankino et al. 2007; Conner et al. 2011; Delph et al. 2011). However, the 

relationship we see between PropBC in leaves and fruits may have a different outcome. 

A single locus, BCMA1/3, controls the ability of the plant to make BC-derived 

glucosinolates (Prasad et al. 2012); we predict that genotypes with non-functional alleles 

lack the ability to make BC-derived glucosinolates in any tissue. Under the conditions 

we observed here, where selection against high PropBC in the fruits overwhelmed the 

selection for high PropBC in the leaves, we might predict that the functional BCMA1/3 
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allele should decline in frequency. This prediction is supported by the observed spatial 

pattern of PropBC across the valley; genotypes collected near the garden where we 

observed these selection patterns make no or very low amounts of BC-derived 

glucosinolates in any tissue, suggesting that they lack BCMA1/3 function. In a scenario 

where selection eliminates genetic variation for both traits before reduced pleiotropy can 

evolve, the constraints caused by the covariances could have long-term effects on the 

population. When traits are controlled by genes of major effect, a population may 

overshoot the evolutionary optimum, or experience maladaptive changes in some traits; 

under these conditions, alleles of opposing effect are predicted to fix at loci with smaller 

effects, moving the population back towards the optimum (Agrawal et al. 2001).  

Overall, we observe antagonistic selection patterns on a biochemical trait in 

adjacent tissues. Combined with strong genetic covariances for this trait between tissues, 

this antagonistic selection causes defenses in one tissue to evolve in a non-adaptive 

direction.  
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Table 5: Relationship between covariance components and covariances of line 

means. 

For each pair of traits, the top value is the covariance component, the lower value 
is the covariance of line means. The values obtained by the two methods were tightly 
correlated (R2=0.998). 

 
 PropBC-R ConGS-C PropBC-C ConGS-F PropBC-F 

ConGS-R 
0.04074 
0.04549 

0.03488 
0.03764 

0.10990 
0.13071 

0.04017 
0.02683 

0.08703 
0.10553 

PropBC-R 
 0.16300 

0.16263 
0.75850 
0.80211 

0.14790 
0.14945 

0.77570 
0.81828 

ConGS-C 
  0.08739 

0.08300 
0.17510 
0.20567 

0.21020 
0.20833 

PropBC-C 
   0.14170 

0.13202 
0.82330 
0.85372 

ConGS-F 
    0.23700 

0.23339 
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Table 6: Spatial pattern for glucosinolate traits. 

Following correction for multiple traits, the significance threshold was 
 P < 0.00833. 

 
 Position North-South Position East-West  Elevation 
 P-value Estimate P-value Estimate P-value Estimate 

ConGS-R 0.3138  -0.0062 0.1339  0.0067 0.2959 -0.0001 
PropBC-R <0.0001 0.6260 <0.0001 0.4779 0.5309 -0.0001 
ConGS-C 0.2211 0.0734 0.0300  0.0960 0.2943 -0.0005 

PropBC-C <0.0001 0.6833 0.0001 0.3853 0.9727 -0.0001 
ConGS-F 0.1089 0.0433 0.1196  0.0307 0.9385 -0.0001 

PropBC-F <0.0001 0.7906 <0.0001 0.5068 0.9908 -0.0001 
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Figure 8: Spatial pattern of glucosinolate profile. 

Mean family concentrations of 6MSOH (in yellow) and branched chain-derived 
compounds (in purple) in cauline leaves. The white square indicates the location of the 

experimental garden. Graphs generated by PhyloGeoViz (Tsai 2011). Terrain image 
copyright by Google Earth. 
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Table 7: Selection gradients for glucosinolate traits. 

Covariates in the model included Cohort, Block, Veg, Stage, and Schreiner Score. The 
selection gradient is obtained from the estimate of the trait effect in the model. 

 
 Selection gradient P-value 

ConGS-R -0.10916 0.0002 
PropBC-R  0.03586 0.4534 
ConGS-C -0.01131 0.7261 

PropBC-C  0.16229 0.0070 
ConGS-F -0.02971 0.3438 

PropBC-F -0.21807 0.0007 
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Figure 9: Selection against the direction of the genetic covariance for 

standardized PropBC in cauline leaves and fruits. 

Points represent genotype means. The genetic covariance between the two traits 
was significant (P < 0.0001). Both traits had significant selection gradients (P < 0.05). The 
red arrow indicates b, the vector of selection. The blue arrow indicates Δ%i, the response 

to selection with the covariances included. The dashed black arrow indicates Δ%nci, the 
response to selection when the covariances are eliminated. The length of each of the 

arrows has been increased by a factor of four. 
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Table 8: Influence of glucosinolates on fitness-related traits. 

P-values and estimates for LS means of GS traits on the percentage of individuals in a family that survived, bolted, or had the 
tops chewed off (TCO). After correcting for six tests, the threshold for significance was 0.0083. 

 
 Survival 2015 Survival 2016 Bolting 2015 Bolting 2016 TCO 2015 TCO 2016 
 P Estimate P Estimate P Estimate P Estimate P Estimate P Estimate 

ConGS-R 0.5360 -0.266 0.9004 -0.044 0.6443 -0.158 0.1178 -0.677 0.1227 1.028 0.6014 -0.112 
PropBC-R 0.6361 0.019 0.4506 -0.027 0.6922 0.014 0.4471 0.033 0.9340 -0.005 0.5007 0.015 
ConGS-C 0.6328 -0.022 0.8504 0.007 0.6261 -0.018 0.8927 -0.006 0.6530 -0.032 0.1228 -0.035 
PropBC-C 0.2173 -0.057 0.0705 -0.071 0.9126 0.004 0.1959 -0.061 0.0495 -0.143 0.2823 -0.025 
ConGS-F 0.8594 -0.021 0.9421 0.006 0.9008 0.010 0.9365 0.008 0.3660 -0.146 0.1991 0.067 
PropBC-F 0.2768 0.047 0.0258 0.083 0.4932 -0.024 0.4447 0.034 0.0530 0.133 0.2733 0.024 
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Table 9: Effects of glucosinolate traits on herbivore damage in each tissue. 

Calculated from line means. After correction for multiple tests, the significance 
threshold is P < 0.0167. 

 
 Rosette damage Cauline damage Fruit Damage 
 P-value Estimate P-value Estimate P-value Estimate 

ConGS-R 0.6894 -0.019 0.1105 -0.012 0.3976  0.067 
PropBC-R 0.0702  0.009 0.9347  0.001 0.8227 -0.002 
ConGS-C 0.9657  0.001 0.7712 -0.001 0.6563 -0.003 

PropBC-C 0.7693  0.001 0.1395  0.001 0.4622  0.006 
ConGS-F 0.9967 -0.001 0.4709  0.001 0.3063 -0.020 

PropBC-F 0.2151 -0.006 0.2729 -0.001 0.4339 -0.006 
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Table 10: Effects of glucosinolate profile on the Schreiner Score (disease 
severity). 

Calculated from line least square means. 

 P-value Estimate 
ConGS-R 0.5498 -0.0201 

PropBC-R 0.6404 -0.0157 
ConGS-C 0.9604 -0.0018 

PropBC-C 0.3893 -0.0316 
ConGS-F 0.5944 -0.0436 

PropBC-F 0.2101 0.0436 
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Table 11: The estimated G-matrix. 

Genetic variances are on the diagonal, in italics; off-diagonal elements are the 
genetic covariances. Significant variances (P < 0.05) and covariances (P < 0.0033) are 

indicated in bold; see methods for computation of (co)variances and p-values. 
 

 ConGS-R PropBC-R ConGS-C PropBC-C ConGS-F PropBC-F 
ConGS-R 0.32150 0.14905 0.04231 0.11227 0.02135 0.08760 

PropBC-R 0.14905 0.84363 0.09965 0.75459 0.09837 0.77397 
ConGS-C 0.04231 0.09965 0.55931 0.00483 0.19618 0.15040 

PropBC-C 0.11227 0.75459 0.00483 0.89930 0.07559 0.80537 
ConGS-F 0.02135 0.09837 0.19618 0.07559 0.37218 0.18689 

PropBC-F 0.08760 0.77397 0.15040 0.80537 0.18689 0.91204 
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Table 12: Genetic variation for glucosinolate traits. 

The significance of the variance was assessed from the significance of the 
variance component of genotype in a Standard Least Squares REML model. Broad-sense 

heritability (H2) is the proportion of total variance that is due to genotype. Following 
Bonferroni correction for six independent tests, the significance threshold was P < 

0.0083. 
 

 P-value H2 
ConGS-R  0.7010 0.0 

PropBC-R <0.0001 0.672 
ConGS-C  0.0026 0.235 

PropBC-C <0.0001 0.773 
ConGS-F  0.0696 0.092 

PropBC-F <0.0001 0.835 
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Table 13: Genetic covariance components (top) and P-values (bottom). 

After correcting for 15 comparisons, the significance threshold was P < 0.003333. 

 PropBC-R ConGS-C PropBC-C ConGS-F PropBC-F 

ConGS-R 
0.00034 
1.0 

0.03439 
0.3710 

0.08092 
0.0085 

0.01842 
0.527 

0.05479 
0.2733 

PropBC-R 
 0.10310 

0.1068 
0.73810 
<0.0001 

0.08991 
0.0085 

0.7653 
<0.0001 

ConGS-C   0.01728 
0.7518 

0.15868 
0.0001 

0.15929 
0.0239 

PropBC-C 
   0.08117 

0.138 
0.7964 
<0.0001 

ConGS-F 
    0.1823 

0.0008 
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Table 14: Predicted response to selection with and without covariances. 

For each of 2,000 bootstrap samples, we calculated whether the predicted 
response to selection (!" ) differed from the predicted response without genetic 

covariances (!"nc) for all six traits collectively, and for each trait individually. For 
individual traits, the mean Δ$i  and Δ$nci results for the bootstrap samples are reported. 

 
 Antagonistic selection (observed) Synergistic selection 
 P-value Mean	Δ$i   Mean Δ$nci  P-value Mean Δ$i   Mean Δ$nci  

All traits 0.0010    0.0005   
ConGS-R 0.3200 -0.0528 -0.0476  0.0345 -0.1223 -0.0575 

PropBC-R 0.1000 -0.0349  0.0535  0.0005  0.4042  0.5353 
ConGS-C 0.0070 -0.0508  0.0014  0.2965  0.0246  0.0014 

PropBC-C 0.0070 -0.0296  0.1656  0.0090  0.4340  0.2163 
ConGS-F 0.0215 -0.0560 -0.0135  0.0460  0.0462 -0.0136 

PropBC-F 0.0225 -0.0891 -0.2642  0.0120  0.4348 0.2160 
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Figure 10: Selection gradients and predicted responses to selection with and 

without genetic covariances. 

For each trait, we show the selection gradient (blue arrow), Δ$i, the response to 
selection with covariances (black dotted line), and Δ$nci, the response to selection when 

covariances are eliminated (solid orange line). Traits in bold had a significant difference 
between Δ$i and Δ$nci. 
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Table 15: The difference in the magnitude of the response to selection with 
and without covariances. 

The significance of the change in magnitude was determined using 2000 
bootstrap samples; the P-value and mean difference in magnitude are reported here. 

 
 Antagonistic selection (observed) Synergistic selection 
 P-value Mean difference in 

magnitude (R-Rnc) 
P-value Mean difference in 

magnitude (R-Rnc) 
All traits 0.0730 -0.1772 0.0100 0.4110 

Conros 0.3200 0.0038 0.1840 -0.0231 
BCros 0.4060 -0.0220 0.0110 0.3318 

Concau 0.2260 0.02428 0.3210 0.0177 
BCcau 0.1325 -0.1177 0.0090 0.2177 
Confr 0.0790 0.0339 0.3075 0.0319 
BCfr 0.0235 -0.1731 0.0115 0.2188 
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Table 16: The effects of between tissue covariances in PropBC. 

Significance of the directional differences between !"  and !"nc and the mean Δ$i  
and Δ$nci from the bootstrapping distribution for each trait. Also the differences in the 
magnitude of the response; a negative difference in magnitude indicates constraint. 

 
 Difference between &"  and &"nc Difference in magnitude 

 P-value Mean Δ$i   Mean Δ$nci  P-val Mean difference (R-Rnc) 
All traits 0.0015   0.038 -0.1905 

PropBC-R 0.1130 -0.0349 0.0505 0.4180 -0.2018 
PropBC-C 0.0100 -0.0296  0.1513 0.1605 -0.1045 
PropBC-F 0.0130 -0.0891 -0.2786 0.0135 -0.1875 
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Table 17: The effects of covariances between PropBC in different tissues under 
synergistic selection. 

 Difference in position Difference in magnitude 

 P-value Mean Δ$i   Mean Δ$nci  P-val 
Mean difference in 
magnitude (R-Rnc) 

All traits <0.001   0.008 0.4267 
PropBC-R <0.001 0.4042 0.0505 0.012 0.3336 
PropBC-C 0.007 0.4340 0.2019 0.0065 0.2321 
PropBC-F 0.007 0.4347 0.2016 0.0055 0.2332 
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Chapter 3: Divergence in the G-matrix for traits under 
selection 

3.1 Introduction 

The evolution of multiple correlated traits has been of long-standing interest, 

particularly given the potential for trait correlations to constrain the evolution of a 

population. Investigations of the question have centered around the G-matrix, a 

powerful tool for investigating how genetic covariances affect the evolution of a 

population (Lande 1979). G, a square matrix with genetic variances on the diagonal and 

covariances on the off-diagonal, is used in conjunction with b, the vector of selection 

gradients, to predict the population’s response to selection (!") using the multivariate 

breeder’s equation, !" = G * b (Lande 1979). Since Lande’s discussion of the genetic 

variance-covariance matrix (G-matrix), many studies have investigated the structure of 

G (Agrawal and Stinchcombe 2009; Conner 2012), the constraints that it may exercise on 

populations (Etterson and Shaw 2001; Conner et al. 2003; Smith and Rausher 2008; 

Agrawal and Stinchcombe 2009; Wise and Rausher 2013), and how G itself evolves 

(Turelli 1988; Shaw et al. 1995; Phillips et al. 2001; Steppan et al. 2002; Bégin et al. 

2003)Arnold, 2008 #1027;Doroszuk, 2008 #844;Jones, 2012 #743;Uesugi, 2017 #1042}. 

Although relatively few studies have examined both G and b, limiting their ability to 

directly detect constraints (Conner 2012), evidence of both constraints and augmentation 

of evolutionary responses has been found (Etterson and Shaw 2001; Conner et al. 2003; 

Smith and Rausher 2008; Agrawal and Stinchcombe 2009; Wise and Rausher 2013). G, 
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therefore, is demonstrably important in predicting the short-term evolutionary trajectory 

of populations. 

Even if genetic correlations cause constraint in the short term, however, they will 

not necessarily limit the evolution of a population in the long term. If the G-matrix itself 

changes in response to drift or selection, it is unlikely to cause long-term constraints 

(Turelli 1988). If, however, G is resistant to change, the structure of the genetic 

covariances could have long-lasting effects on trait evolution and divergence between 

populations and species (Turelli 1988; Conner 2012). Thus, the stability and rate of 

change of G directly influences the impact of genetic constraints (Steppan et al. 2002; 

Arnold et al. 2008). 

Despite evidence that G evolves, the timeline on which it does so in natural 

populations is less clear (Steppan et al. 2002). Artificial selection experiments have 

demonstrated that when consistent selection is exerted against a covariance, G may 

change very rapidly, even in cases where the original covariance was very strong 

(Beldade et al. 2002; Frankino et al. 2007; Conner et al. 2011; Delph et al. 2011). Studies 

that have compared populations evolving under contrasting experimental selective 

regimes have found that G can change within relatively few generations (Shaw et al. 

1995; Phillips et al. 2001; Doroszuk et al. 2008; Uesugi et al. 2017). Fluctuations in G have 

been observed in natural populations over as few as twenty-five years (Björklund et al. 

2013). It’s evident that G has the potential to change over fewer than 100 generations, 
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under at least certain conditions. 

Whether experimental conditions match those commonly found in nature is less 

clear, however; selective pressures in nature may be more complex or weaker than those 

used in many experimental studies. Thus, comparisons of G-matrices between closely-

related taxa have also been important in increasing the understand of how G evolves. 

Studies comparing populations that have adapted to highly contrasting environments 

(e.g., lakes vs. rivers, caves vs. springs, or continents vs. islands) have often found that 

the G-matrix among putatively adaptive traits has changed during the transition (Fong 

1989; Jernigan et al. 1994; McGuigan et al. 2005; Johansson et al. 2012; Karlsson Green et 

al. 2016). Cases where multiple independent transitions between environments were 

studied suggest that these differences in G are likely driven by adaptation to the novel 

environment (Fong 1989; Jernigan et al. 1994). These differences may arise rapidly, and 

in in one case have been documented within 40-50 generations (Karlsson Green et al. 

2016).  

Adaptation to such strongly divergent environments has likely resulted in 

consistent selection for traits involved in adaptation to the novel conditions. Here, we 

investigate how G evolves in groups that inhabit more subtly divergent habitats, for 

traits that are likely to experience inconsistent selection. Boechera stricta, a short-lived 

perennial, occurs over much of the mountain west (Rushworth et al. 2011). Across this 

range, B. stricta includes two subspecies, EAST and WEST, which are differentiated 
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ecologically and morphologically (Lee and Mitchell-Olds 2011; Lee and Mitchell-Olds 

2013). These subspecies diverged approximately 50,000 years ago in allopatry, and have 

since come into secondary contact, forming admixture zones (Lee and Mitchell-Olds 

2011). Additional genetic structure has been identified within the EAST subspecies, 

resolving into three groups that are distinctly differentiated using both Structure 

(Pritchard et al. 2000) and principle component analysis of sequence data (hereafter 

these are referred to as “genetic groups”); NOR, UTA, and COL (B. Wang, personal 

communication). These genetic groups occupy distinct but partially overlapping ranges. 

COL diverged from the other East groups approximately 15,000 years ago, and NOR 

and UTA separated approximately 10,000 years ago (Baosheng, unpublished data). 

Admixture zones exist both between the two subspecies and the genetic groups within 

EAST, demonstrating historic and potentially ongoing gene flow.  

Habitats of the EAST and WEST subspecies are ecologically differentiated by 

water availability; WEST is more common in riparian areas with consistent moisture, 

while EAST populations occur on higher, drier slopes (Lee and Mitchell-Olds 2011; Lee 

and Mitchell-Olds 2013). Consistent with these environmental differences, the two 

subspecies differ in morphological and life history traits such as growth rate, leaf area, 

flowering time, and flowering duration, some of which have diverged under selection 

(Lee and Mitchell-Olds 2013). Thus, rather than the comparison between highly 

divergent, discrete environments that have commonly been used to study G, we 
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investigate genetic groups that are differentiated along an environmental gradient, with 

the potential for overlap in habitat characteristics. 

Like many other species in the Brassicaceae, B. stricta manufactures 

glucosinolates, secondary metabolites that play a role in defenses against insect 

herbivores, as well as other interactions (Halkier and Gershenzon 2006). B. stricta 

genotypes differ in the types and relative proportions of glucosinolates produced in 

leaves and fruits. Geographic variation in both glucosinolate profile and its effects on 

herbivory and fitness has been demonstrated in B. stricta (Prasad et al. 2012). The 

subspecies vary in glucosinolate profile, and also contain genetic variation within the 

subspecies (described in Chapter 1).  

Evolution under manipulated herbivore presence/absence treatments has been 

shown to be sufficient to change the G-matrix for secondary metabolites (Uesugi et al. 

2017). Such a clear-cut contrast is unlikely to occur in nature, however, where 

abundance and community composition may change along an elevational gradient, but 

some herbivores are still likely to be present (Hodkinson 2005). Change in the herbivore 

community composition can result in opposing directions of selection on glucosinolates 

(Lankau 2007). Glucosinolates may also be involved in interactions with microbes 

(Halkier and Gershenzon 2006), and potentially even with the abiotic environment (L. 

Carley and J. Mojica, unpublished data). Thus, as genetic groups of B. stricta diverged 

and spread into different ranges and environments, we hypothesize that they 
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experienced variation in the selective pressures acting on glucosinolate profile. Selection 

exerted by herbivores is not necessarily consistent, however, and may change as rapidly 

as year-to-year (Strauss and Irwin 2004), potentially complicating and slowing 

adaptation to the divergent environments. Here, we test whether the structure of G has 

diverged between EAST and WEST and among the genetic groups within EAST. We also 

use an Fst-Qst comparison to ask whether divergence in glucosinolate profile has been 

driven by selection. 

Many statistical methods have been used to study matrix variation. As various 

methods test different aspects of variation, the use of multiple approaches is 

recommended (Roff et al. 2012). Here, we use several of the tests suggested by Roff et al. 

(summarized in Table 1): the jackknife MANOVA, which tests for equality among 

matrices; the jackknife eigenvalue test, which compares the eigenvalues of the matrices; 

a modified Mantel test, which measures the correlation between matrices (i.e., whether 

they are proportional) (Goodnight and Schwartz 1997); and selection skewers, which 

tests whether matrices differ in their responses to selection (Calsbeek and Goodnight 

2009). By combining these methods, we are able to gather a more thorough 

understanding of how the matrices differ. Following Lee et al (2013), here we estimate 

G-matrices using genotypes sampled across the geographic range of each of the 

diverged genetic groups. This subspecies-wide G-matrix reflects overall patterns of 

genetic (co)variation in a group, rather than directly predicting how a single, local 
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population would respond to selection. It does, however, represent an analogous 

measurement of how traits covary within genetic groups, and is valuable for comparing 

how the covariances among these traits evolve as the genetic groups diverge. 

This system differs from many previous comparisons of natural populations in 

four important ways: genome-wide estimates of the time since divergence are available, 

and allow phylogenetic comparisons; divergence between genetic groups is the result of 

separation by glaciation, followed by more recent colonization of changing habitats; the 

primary ecological differentiation is along a continuum of environmental variation 

(water availability); and we examine traits that have likely experienced inconsistent and 

complex selection.  

3.2 Methods 

3.2.1 Experimental design 

As B. stricta predominantly self-pollinates, endogenous plants are highly inbred 

and largely homozygous (Song et al. 2006); thus, families are descendants of seeds from 

a single endogenous individual. Following collection in the field, all families were 

grown in the greenhouse for at least one generation to reduce maternal effects. This 

experiment included 390 families, each replicated five times in a complete randomized 

blocks experiment, with five blocks each composed of four sub-blocks (N = 1950). Plants 

were grown in the Duke University greenhouses in in 2.5 cm by 12 cm plastic 

conetainers (Stuewe and Sons, Inc.). When plants were 10 weeks old they were moved to 
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a cold room for vernalization at four degrees. Due to equipment failure, for two days of 

this period plants were kept at approximately 10 degrees. After six weeks of 

vernalization, plants were returned to the greenhouse.  

Fruit samples were collected four weeks after vernalization was finished. We 

collected samples from two plants from each family; if fewer than two plants were 

reproducing, the family was excluded from further analyses. The final sample size used 

in analyses was 406 individuals from 203 families. All samples were immature fruits that 

had not yet desiccated or dehisced. Samples were stored in 70% methanol for four weeks 

to allow leaching of glucosinolates. Glucosinolates were analyzed as in (Prasad et al. 

2012); in short, they were extracted using a Sephadex column and analyzed using an 

Agilent 1100 High-Pressure Liquid Chromatography system. 10 ul of 1mM sinigrin was 

used as an internal standard. Following extraction, air-dried samples were weighed. 

Glucosinolates in rosette leaves were quantified using a similar procedure (Mojica, 

unpublished data). Rather than being stored in methanol, leaves were freeze-dried and 

stored before extraction; otherwise, the extraction protocol was the same as for fruits.  

The total amount and concentration of each glucosinolate compound was 

calculated using a custom Python script. We used a relative response factor (RRF) of 1.0 

for each compound (find citations). The total quantity of each glucosinolate type was 

calculated as (0.05 micromole sinigrin) * (area of peak for compound x)]/[(area of 

sinigrin peak) * (RRF)]. We divided the total quantity by the dry weight of the sample to 
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calculate the concentration of each compound in micromole/mg, and the ratio of each 

compound by dividing the concentration of that compound by the total glucosinolate 

concentration. Ratios were used for all analyses included here.  

3.2.2 Variation in glucosinolate profile 

We tested for differences in glucosinolate profile between groups using a REML 

least-squares analysis in JMP 13 for the ratio of each compound in each tissue. The 

model was Ratio = Genetic Group + Family[Genetic Group] + Block + Sub-block[Block] 

(N = 406). Family, block and sub-block were run as random effects. After using a 

Bonferroni correction for eight tests, the significance threshold was 0.00625. Pairwise 

comparisons between groups were performed using Tukey HSD. 

3.2.3 G-matrix comparisons 

The individuals in the reference population were assigned to genetic groups 

based on a Structure analysis (Pritchard et al. 2000, Wang, unpublished data). These 

populations include the West subspecies and three genetic groups within the East 

subspecies, referred to here as COL, NOR, and UTA (B. Wang, unpublished data). 

Admixed families and families that had not been assigned to a genetic group were 

excluded from further G-matrix analyses, as were families that had samples from fewer 

than two individuals. The final dataset included a total of 48 families from COL, 57 

families from NOR, 73 families from UTA, and 25 families from WEST, with 2 

individuals from each family.  
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Matrix estimations and tests were performed using published R scripts that were 

developed and tested by Roff et al. (2012). G-matrices for each genetic group were 

estimated from  family variance and covariance components of a MANOVA. In order to 

test for variation in the ratios of each glucosinolate compound independently from total 

concentration of glucosinolates, for each compound we ran a restricted maximum 

likelihood model in JMP 13 for the ratio of each compound in each tissue. The model 

was GSratio = ConGS + Block + Sub-block[Block]. Block and sub-block were run as 

random effects. The residuals from these models were used for further G-matrix 

analyses. We also performed a principal components analysis (PCA) of family means in 

JMP 13. 

Of the seven tests recommended by Roff et al. (2012), we used four. We tested for 

differences in the structure of the G-matrices using a modified Mantel test, a jackknife 

MANOVA, and a jackknife test of variation in the eigenvalues; we also used selection 

skewers to test whether populations respond to selection in similar ways. For these tests, 

the null hypothesis was that G-matrices were identical among populations.  

The jackknife MANOVA approach tests for variation in the structure of the G-

matrices.  A jackknife approach is used to generate a distribution of pseudovalues. A 

MANOVA is used to test for differences among matrices, followed by an ANOVA to test 

each element of the matrix individually (Roff and Cheverud 2002; Roff et al. 2012). This 

approach is designed to compare two or more matrices, so all four genetic groups were 
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included in a single MANOVA. In order to look at variation within the EAST subspecies 

specifically, we also performed this test using just COL, NOR, and UTA. In order to also 

look specifically at the differences between EAST and WEST, we pooled all of the genetic 

groups within EAST and compared them with WEST. Using a Bonferroni correction for 

three tests, we used a significance threshold of 0.0167 for the MANOVA; if the 

MANOVA was significant, the ANOVAs were treated as protected tests, with a 

significance threshold of 0.05 (Scheiner and Gurevitch 2001). We also performed pair-

wise MANOVAs between genetic groups. 

A jackknife approach was also used to estimate the eigenvalues of the G-matrices 

for each population. This method used a MANOVA to test for differences between the 

eigenvalues of the matrices, followed by an ANOVA to test each eigenvalue 

individually, as well as the sum of all the eigenvalues (representing the total genetic 

variation) (Roff et al. 2012). As with the jackknife MANOVA test, this method was 

designed to compare more than two matrices, so all four genetic groups were included 

in one test. We also performed a separate test of the genetic groups with EAST, and EAST 

vs. WEST. We corrected for multiple tests using the same method as for the jackknife 

MANOVA above. We also performed pair-wise comparisons between genetic groups. 

In contrast, the modified Mantel test measures correlations between matrices; 

that is, it removes differences in size between matrices, but compares shapes (Goodnight 

and Schwartz 1997). Significance of the results was tested using a randomization 



 

97 

approach with 2,000 replications. Six pair-wise comparisons between genetic groups 

were performed. We used a Bonferroni correction for the six independent tests, for a 

significance threshold of P < 0.00833.  

We also used Selection Skewers to test whether the genetic groups vary in their 

responses to selection. Selection gradients between -1 and +1 were randomly generated. 

For each random skewer, the Breeder’s Equation, R = G * P-1 * S, was used to calculate 

the response to selection for each genetic group (Calsbeek and Goodnight 2009). If the 

matrices are identical (the null hypothesis), the correlation between response vectors 

will be 1.0. 500 skewers were used per replication to calculate the average vector 

correlation; 1000 replications were used to generate a distribution of average vector 

correlations. 

3.2.4 Fst-Qst comparison 

To estimate the population differentiation (Fst) (Weir and Cockerham 1984) 

between each pair of genetic groups, we genotyped 517 individuals based on ~5.4 

million SNPs. The Fst was calculated using VCFtools v.0.1.12 (Danecek et al. 2011) for 

each SNP, and then averaged across all variable loci within 20kb non-overlapping 

windows (B. Wang, unpublished data). 

We calculated multivariate Qst values for each pair of genetic groups using a 

custom script in R to perform a discriminant function analysis. The output of this 

analysis was a single numerical score for each individual, representing its projected 
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position onto an axis between the multivariate trait means for each genetic group; that 

is, a single value representing its position in multivariate space. We also calculated 

univariate Qst values for the concentration of each glucosinolate compound in each 

tissue. 

The significance of the Qst-Fst comparison was assessed as the proportion of 

values in the Fst distribution that were greater than the observed Qst value (a one-tailed 

test). We corrected for six tests of multivariate Qst values with a Bonferroni correction, 

resulting in a significance threshold of 0.00833. If the multivariate measure was 

significant, we considered the univariate tests for that pair of genetic groups to be 

protected, and therefore used a significance threshold of 0.05 (Scheiner and Gurevitch 

2001).  

3.3 Results 

3.3.1 Variation in glucosinolate profile 

Genetic group was a significant predictor of the proportion of each glucosinolate 

compound (Table 19). A major component was a common trade-off between 2OH1ME 

(made in moderate to high amounts by many families in EAST, and very few in WEST) 

and 1MP (very rare in EAST families, common in WEST) (Figure 11). EAST and WEST also 

differed in proportion of the methionine-derived 6MSOH compound; most families 

made at least some 6MSOH, but it was present at much lower concentrations in WEST 

than in EAST groups. For most aspects of glucosinolate profile, the genetic groups within 
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EAST did not differ significantly, although this was not the case for 1ME in leaves. 

Family within genetic group was also consistently significant, indicating genetic 

variation within genetic groups as well as among them (Table 19). 

3.3.2 Divergence in the G-matrix 

Significant variation exists between the G-matrices, both between EAST and WEST 

and among genetic groups within EAST. Overall, the differences were larger between the 

EAST groups and WEST. Full G-matrices for each genetic group are shown in Appendix 

A. 

In order to test whether matrices were equal, we used the Jackknife MANOVA 

test. The MANOVA comparison of all the genetic groups found highly significant 

differences among the matrices (P < 0.0001). Follow-up ANOVAs for each element of the 

matrix found significant divergence in genetic variance for all traits except the 

proportion of 1ME in the fruits, and significant differences for 15 of the 29 covariances 

(Table 20). These included all of the covariances for a compound in both leaves and 

fruits; the extent to which tissues are similar to each other differs among genetic groups. 

A comparison between the pooled EAST genetic groups and WEST found that the 

matrices differed (P < 0.0001), with significant differences for most of the genetic 

variances, and 16 of the 29 covariances (Table 21). 

To compare among EASTERN genetic groups, we excluded one glucosinolate 

compound, 1MP, from both tissues, as there was minimal genetic variance for the trait in 
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any EAST group. A MANOVA comparison among all EASTERN genetic groups found 

significant differences (P < 0.0001), with divergence among all genetic variances and 8 of 

the fifteen covariances (Table 22). Pairwise comparisons of the EASTERN genetic groups 

found differences between COL and NOR (P < 0.0001), and NOR and UTA (P = 0.0001), 

but no significant difference between COL and UTA (P = 0.4531) (Table 23). 

The eigenvalues of G also differed among genetic groups. The jackknife method 

tests whether an eigenvalue is significantly different from zero; direct comparisons of 

rank of matrices are difficult, however, as non-significant eigenvalues are not necessarily 

indicative of a complete lack of genetic variation, simply indicating failure to reject the 

null hypothesis of zero. Most of the genetic groups had at least three eigenvalues that 

were significantly different from zero, except in WEST (Table 24). However, this might 

reflect a reduction of power due to the lower number of families, rather than an actual 

deficiency in rank. 

The MANOVA found significant differences for the eigenvalues for all four 

genetic groups (P < 0.0001), between EAST and WEST (P < 0.0001), and among the EAST 

genetic groups (P < 0.0001) (Table 25). Further ANOVAs of each eigenvalue found that 

the first eigenvalue varied significantly in all three comparisons, and that the second 

eigenvalue varied among all genetic groups and within EAST. Genetic groups are 

differentiated along the first two principal components of the PCA (Figure 12). The sum 

of the eigenvalues (representing the total genetic variation for the genetic group) also 
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varied significantly in all three comparisons. Pair-wise comparisons found significant 

differences in three contrasts, and marginally significant differences between two more 

(Table 23).  

The modified Mantel test, which measures proportionality between matrices, 

found that each EASTERN genetic group differed significantly from WEST (Table 26). COL 

and NOR had minimal genetic variance for 1MP, causing rank deficiency in calculating 

the G-matrix. Therefore, 1MP was excluded from the COL-NOR comparison. The 

genetic groups within EAST did not differ significantly, indicating that they have 

proportional G-matrices. The selection skewers analysis did not indicate that any genetic 

groups differed significantly in the predicted response to selection (Table 23). 

3.3.3 Fst-Qst 

The multivariate Qst was significantly larger than Fst for four of the six 

population pairs (COL-NOR, COL-WEST, NOR-UTA, and NOR-WEST) and were 

marginally significant for another (UTA-WEST) (Table 27).  Of the univariate traits, only 

the ratio of 1MP in fruits and leaves showed Qst > Fst, and only in one pair of genetic 

groups (COL-WEST) (Table 28).  

3.4 Discussion 

3.4.1 Divergence in the G-matrix 

Our results demonstrate that the G-matrices may diverge in as short a time as 

10,000 years, the estimated divergence time between UTA and NOR; even more 
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extensive divergence can arise in 50,000 years, the time since EAST and WEST separated. 

As B. stricta plants require vernalization before flowering, two years is the expected 

minimum generation time; as such, we can conclude that variation in G has arisen in 

5,000 generations or fewer. Non-proportional G-matrices, as demonstrated by 

differences in the Mantel tests between EAST and WEST, have emerged within the past 

25,000 generations. 

G has clearly diverged among the genetic groups within B. stricta. Using 

multiple methods of comparison that tested for different aspects of matrix diversity gave 

us resolution to ask not just whether G varied, but whether some genetic groups were 

more similar than others. At the most basic level of diversity, we found that the matrices 

were not equal (the jackknife-MANOVA test); there was variation among all the genetic 

groups, within EAST, and between all pairs of genetic groups except COL and UTA. The 

divergence in G was due to differences in both the genetic variances (for 7 of 8 traits, in 

the full comparison) and genetic covariances (for 16 of 29 covariances). The selection 

skewers test was less sensitive to variation in G, finding no significant differences 

between genetic groups.  

The eigenvalues also varied between the genetic groups for all of the multi-group 

comparisons (all four genetic groups, the genetic groups within EAST, and pooled EAST 

vs. WEST), as well as for three of the pair-wise comparisons. When we considered all of 

the genetic groups, we saw that the first two eigenvalues differed significantly; these 



 

103 

eigenvalues account for 67% and 29% of the total variation, respectively. Together, these 

eigenvalues incorporate most of the genetic variation for glucosinolate profile, providing 

substantial genetic variation for selection to act on to drive divergence between the 

genetic groups (Roff et al. 2012). The same eigenvalues differ among the EAST groups, 

again indicating divergence along axes of abundant genetic variation.  

The Mantel test measures the correlation between matrices, effectively asking 

whether matrices are proportional; that is, whether or not they differ in shape (e.g., 

unequal matrices could differ in size but not shape). Each EAST genetic group 

significantly differed from WEST, indicating non-proportionality. There were no 

significant differences within EAST, indicating that the genetic groups within the 

subspecies have more closely related matrices.  

Much of the difference between EAST and WEST appears to be driven by variation 

in PropBC in both tissues. This variation may be due largely to a single locus, rather 

than a traditionally quantitative trait. A single gene, BCMA, controls whether 

individuals make any BC-derived glucosinolates or not (Prasad et al. 2012). While non-

functional alleles of BCMA are present in all EAST populations, there were none in our 

sample of WEST genotypes. As variation at BCMA drives much of the genetic variance 

for PropBC, and the covariance between tissues, the lack of polymorphism at the locus 

in WEST contributes to the differences in G. When genetic covariances are driven by a 

locus of large effect, changes in allele frequency at that locus can produce rapid changes 
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in the structure of G (Agrawal et al. 2001). Thus, the relatively rapid changes in the 

structure of G between EAST  and WEST may be accelerated by the fact that PropBC is 

not a classic quantitative trait.  

Overall, we conclude that within EAST, the variation in G is largely due to 

differences in genetic variance, but that they are approximately the same shape; that is, 

the genetic variance is distributed along similar axes of trait variation. While the 

Jackknife MANOVA shows that the covariances differ somewhat in the EASTERN 

subspecies, these differences are in magnitude of genetic variation, rather than in 

direction. G varies more between EAST and WEST, changing shape as well as size.  

For two of the compounds, 2OH1ME and 1MP, the main difference between 

genetic groups was qualitative; that is, whether most of the families in that genetic 

group synthesized that compound or not. These contrasts were primarily between EAST 

and WEST; generally, families in EAST genetic groups made 2OH1ME and not 1MP, and 

WEST families were the opposite, although there were some exceptions. This qualitative 

variation contributed to differences in both genetic variances and covariances for these 

compounds, and likely contributed to differences in proportionality between EAST and 

WEST, as the variation in one eigenvector would be greatly reduced compared to the 

other subspecies.  

Variation in the other two compounds, 1ME and 6MSOH, was more quantitative 

in nature; all families synthesized at least small amounts of 6MSOH, and although 1ME 
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was not universally present, the variation between groups was more continuous, with at 

least a moderate number of families in each group manufacturing it. The genetic 

variance for these compounds did vary among groups, as did some of the covariances.  

Within EAST, there were no differences between genetic groups for the mean 

proportion of a compound produced, with the exception of 1ME in the leaves. However, 

for all compounds except 1ME there were differences in the genetic variances. As with 

the overall variation in 1ME and 6MSOH, the variation within EAST is driven less by 

qualitative differences of whether a compound is synthesized or not, but quantitative 

variation in how much is present. Within EAST, these quantitative differences contribute 

to variation in G for both individual compounds (as measured by the jackknife 

MANOVA) and the eigenvalues, but do not change the shape of G as assessed by the 

Mantel test.  

Overall, our results suggest that qualitative differences in the production of some 

compounds among the groups contribute to much of the variation in G between EAST 

and WEST, potentially including the variation in the shape in G as measured by the 

Mantel test. Quantitative differences, such as those among the genetic groups within 

East, cause non-equality in matrices, but have a reduced effect on the shape of the G-

matrix compared to the qualitative differences observed between EAST and WEST.  

3.4.2 Evidence for selection 

Two lines of evidence suggest that the divergence in G-matrices was influenced 
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by selection rather than purely neutral forces. First, the similarity between matrices is 

not entirely predicted by the time since divergence; the two genetic groups with the 

most similar G-matrices are COL and UTA, although UTA and NOR are the most 

closely related genetic groups. Second, the Fst-Qst analysis indicates that the genetic 

groups have experienced divergent multivariate selection on glucosinolates.  

Tests of whether the G-matrix is phylogenetically structured have been 

important in understanding how G evolves, although relatively few studies have taken 

this approach (Bégin et al. 2003). If change in G were driven solely by neutral forces, the 

degree of differentiation would be expected to match the phylogenetic proximity of the 

taxa; that is, recently diverged taxa should have very similar G-matrices, while more 

distantly related groups should have more differences in structure (Bégin et al. 2003). 

We found that, while differences were largest between the most distantly related groups 

(EAST and WEST), variation within EAST did not correspond with  the time since 

divergence. 

The observed patterns of selection in the Fst-Qst analyses are in agreement with 

the observed extent of matrix divergence; Qst was not significant between COL and 

UTA, which have very similar or equal G-matrices. In contrast, UTA and NOR, the most 

closely related genetic groups, have experienced divergent selection on glucosinolates, 

and do not have equal G-matrices.  

The lack of significant Fst-Qst results on univariate glucosinolate traits was 
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unexpected, given that geographically-variable selection on some traits has been found 

previously (Prasad et al. 2012). Such geographical variation, however, is not necessarily 

consistent with the geographic scale of the range of each subspecies or genetic group; if 

the differences in selection operate at a much more local level, variation might be 

maintained within each genetic group, resulting in a non-significant Fst-Qst comparison. 

This hypothesis is consistent with observations of spatial variation in glucosinolate 

profile at a very local scale, as described in Chapter 2. 

The hypothesis that adaptations to contrasting environments can drive 

divergence in the G-matrix has been supported, both under experimental conditions and 

in natural populations (Fong 1989; Jernigan et al. 1994; Shaw et al. 1995; Phillips et al. 

2001; McGuigan et al. 2005; Doroszuk et al. 2008; Johansson et al. 2012; Karlsson Green et 

al. 2016; Uesugi et al. 2017). Here, we demonstrate that differences in the G-matrix can 

accumulate in relatively short time periods even when ecological differentiation is based 

on a continuous gradient of environmental conditions, rather than between discrete 

habitats. 
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Table 18: Tests of G-matrix divergence (from Roff et al 2012). 

 Tests for: Significant results indicate: 
Jackknife 

MANOVA 
Equality among matrices 
of multiple matrices 

Non-equal matrices 

Jackknife 
Eigenvalue 

Equality among 
eivengalues of multiple 
matrices 

Non-equal eigenvalues 

Modified Mantel 
Test 

Correlation between two 
matrices 

Non-proportional matrices 

Selection skewers 
Correlation between the 
responses to selection in 
each group 

Differences in the G-matrix 
cause differences in the 
response to selection 
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Table 19: P-values for the effects of genetic group and family within group on 
glucosinolate profile. 

 Genetic group Family 
2OH1ME-F <0.0001 <0.0001 

1ME-F <0.0001 <0.0001 
6MSOH-F <0.0001 <0.0001 

1MP-F <0.0001 <0.0001 
2OH1ME-R   0.0034 <0.0001 

1ME-R <0.0001 <0.0001 
6MSOH-R <0.0001 <0.0001 

1MP-R <0.0001 <0.0001 
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Figure 11: Variation in glucosinolate profile among groups. 

The proportional representation of each compound in each tissue is shown for each 
group. Letters indicate significance of pairwise comparisons. 



 

 

 
Table 20: P-values from the Jackknife MANOVA test for variation among all genetic groups. 

The MANOVA indicated highly significant differences among G-matrices (P < 0.0001), and was followed by protected ANOVAs of 
each element of the matrix. Elements with a significant ANOVA result (P < 0.05) are indicated in bold. 

 
  Fruits Leaves 
  2OH1ME 1ME 6MSOH 1MP 2OH1ME 1ME 6MSOH 1MP 

Fr
ui

ts
 2OH1ME <0.0001 0.154 0.0002 0.2550 <0.0001 0.1530 <0.0001 0.370 

1ME  0.0508 0.0762 0.1530 0.0253 0.0252 0.1900 0.1060 
6MSOH   <0.0001 0.547 <0.0001 0.0083 <0.0001 0.4450 

1MP    <0.0001 0.0032 0.0361 0.4680 <0.0001 

Le
av

es
 2OH1ME     <0.0001 0.5220 <0.0001 0.0050 

1ME      0.0223 0.0182 0.0054 
6MSOH       <0.0001 0.789 

1MP        <0.0001 
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Table 21: P-values from the Jackknife MANOVA test for variation between EAST and WEST. 

The MANOVA indicated highly significant differences among G-matrices (P  <  0.0001), and was followed by protected ANOVAs of 
each element of the matrix. Elements with a significant ANOVA result (P < 0.05) are indicated in bold. 

 
  Fruits Leaves 
  2OH1ME 1ME 6MSOH 1MP 2OH1ME 1ME 6MSOH 1MP 

Fr
ui

ts
 2OH1ME <0.0001 0.843 0.0003 0.0584 0.0002 0.2090 <0.0001 0.1430 

1ME  0.5510 0.1730 0.0458 0.1160 0.3120 0.4900 0.0251 
6MSOH   <0.0001 0.6050 0.0015 0.0014 <0.0001 0.2080 

1MP    <0.0001 0.0001 0.0056 0.2870 <0.0001 

Le
av

es
 2OH1ME     0.0051 0.5080 0.0018 0.0003 

1ME      0.0009 0.00113 0.0005 
6MSOH       <0.0001 0.5360 

1MP        <0.0001 

110 
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Table 22: P-values from the Jackknife MANOVA test for variation among 
genetic groups within EAST. 

The MANOVA indicated highly significant differences among G-matrices (P  <  0.0001), 
and was followed by protected ANOVAs of each element of the matrix. Elements with a 

significant ANOVA result (P < 0.05) are indicated in bold. 
 

  Fruits Leaves 
  2OH1ME 1ME 6MSOH 2OH1ME 1ME 6MSOH 

Fr
ui

ts
 2OH1ME <0.0001 0.073 0.0266 <0.0001 0.1630 0.00813 

1ME  0.0335 0.0911 0.0427 0.0258 0.144 
6MSOH   0.0001 <0.0001 0.384 <0.0001 

Le
av

es
 2OH1ME    <0.0001 0.424 <0.0001 

1ME     0.4500 0.868 
6MSOH      <0.0001 
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Table 23: P-values for pair-wise comparisons between G-matrices. 

Significant results are indicated in bold. 

 MANOVA Eigenvalue Mantel P-value Selection skewers 
COL-NOR <0.0001 <0.0001 0.0525 0.1290 
COL-UTA   0.1908   0.0154 0.4265 0.7770 
NOR-UTA <0.0001   0.0109 0.0895 0.5620 
COL-WEST <0.0001 <0.0001 0.0005 0.5480 
NOR-WEST <0.0001   0.0568 0.0005 0.8130 
UTA-WEST <0.0001 <0.0001 0.0005 0.6740 

 

  



 

 

Table 24: Estimates of the eigenvalues for each group (top) and P-values (bottom), as well as the sum of the eigenvalues. 

After Bonferroni correction for 36 tests, the significance cut-off was 0.001388. 

 Eigen1 Eigen2 Eigen3 Eigen4 Eigen5 Eigen6 Eigen7 Eigen8 Sum 

COL 

  0.5344 
<0.0001 

  0.2317 
  0.0003 

  0.0253 
  0.0005 

0.0091 
0.0004 

3.76e-4 
0.1313 

5.26e-6 
0.4291 

 2.09e-6 
 0.0226 

-3.48e-7 
 0.0033 

  0.7882 
<0.0001 

NOR 

  0.2249 
<0.0001 

  0.0589 
  0.0157 

  0.0169 
<0.0001 

0.0076 
0.0015 

1.89e-5 
0.0060 

6.11-6 
0.0169 

-6.98e-7 
 0.4092 

-1.41e-8 
 0.7264 

  0.3090 
<0.0001 

UTA 

  0.3519 
<0.0001 

  0.2023 
<0.0001 

  0.0120 
  0.0259 

0.0089 
0.0003 

0.0039 
0.1394 

3.11e-5 
0.0227 

 7.59e-6 
 0.0362 

-3.36e-6 
 0.4364 

  0.5792 
<0.0001 

WEST 

  0.0984 
  0.0200 

  0.0427 
  0.0001 

  0.0157 
  0.0499 

0.0024 
0.2639 

6.26e-5 
0.0529 

1.04e-6 
0.0779 

-9.25e-4 
 0.7900 

-0.016 
 0.8114 

  0.1468 
  0.0122 
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Table 25: P-values for comparisons of the eigenvalues for the MANOVA, the follow-up ANOVAs of each eigenvalue, and 
the sum of the eigenvalues. 

Comparisons were made between all four groups, among the three groups within EAST, and between EAST and WEST. Significant  
P-values are shown in bold. 

 
  MANOVA Eigen1 Eigen2 Eigen3 Eigen4 Eigen5 Eigen6 Eigen7 Eigen8 Sum 

All groups <0.0001 <0.0001 0.0068 0.3980 0.3510 0.5900 0.1410 0.1680 0.1210 <0.0001 

Just East <0.0001 <0.0001 0.0167 0.4190 0.7250 0.4630 0.0890 0.2290 0.3590 <0.0001 

EAST vs. WEST <0.0001 <0.0001 0.0815 0.8720 0.1050 0.6980 0.9550 0.0256 0.0156 <0.0001 

114 
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Figure 12: Differentiation among groups on the first and second principal 

component (PC) for glucosinolate profile. 
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Table 26: Results of the Mantel tests. 

The observed M value (the correlation between matrices, ranging from 0.0 to 1.0) is 
shown on top, and P-values are shown below. M values indicating significant 

differences between matrices are indicated in bold. 
 

 NOR UTA WES 

COL 
0.9197 
0.0525 

0.9799 
0.4265 

0.4666 
0.0005 

NOR 
 0.9394 

0.0895 
0.3470 
0.0005 

UTA 
  0.5692 

0.0005 
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Table 27: Results from the multivariate Fst-Qst comparison. 

Following correction for six tests, the significance threshold was 0.00833. Significant 
results are indicated in bold. 

 
 COL-

NOR 
COL-
UTA 

NOR-
UTA 

COL-
WEST 

NOR-
WEST 

UTA-
WEST 

Observed Qst 0.6373 0.2361 0.4980 0.8271 0.9022 0.7901 
P-value 0.0021 0.0977 0.0046 0.0010 0.0001 0.0252 
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Table 28: Results from the univariate Fst-Qst comparisons. 

The observed Qst (top) and P-value (bottom) for each trait in each pair of populations. 
Significant contrasts are shown in bold. 

 
  COL-

NOR 
COL-
UTA 

NOR-
UTA 

COL-
WEST 

NOR-
WEST 

UTA-
WEST 

Fr
ui

ts
 

2OH1ME 
0.0677 
0.8927 

0.0221 
0.9906 

0.0000 
1.0000 

0.1555 
0.9461 

0.5431 
0.4383 

0.3330 
0.7833 

1ME 
0.0097 
1.0000 

0.0000 
1.0000 

0.0450 
0.8723 

0.5681 
0.1303 

0.0603 
0.9922 

0.5311 
0.4065 

6MSOH 
0.0118 
1.0000 

0.0511 
0.8735 

0.0000 
1.0000 

0.3618 
0.5880 

0.4432 
0.6411 

0.2078 
0.9227 

1MP 
0.0090 
1.0000 

0.0000 
1.0000 

0.0193 
0.9908 

0.7148 
0.0156 

0.7487 
0.0713 

0.7146 
0.0878 

Le
av

es
 

2OH1ME 
0.0000 
1.0000 

0.0000 
1.0000 

0.0517 
0.8288 

0.1529 
0.9479 

0.3855 
0.7381 

0.3035 
0.8278 

1ME 
0.2211 
0.2234 

0.0756 
0.7032 

0.0442 
0.8776 

0.6221 
0.0672 

0.4092 
0.7003 

0.4697 
0.5389 

6MSOH 
0.0669 
0.8968 

0.0576 
0.8335 

0.0000 
1.0000 

0.4124 
0.4648 

0.3571 
0.7784 

0.2487 
0.8894 

1MP 
0.0000 
1.0000 

0.0000 
1.0000 

0.0000 
1.0000 

0.7452 
0.0090 

0.7498 
0.0691 

0.7079 
0.0963 
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Chapter 4: Conclusions and future directions 
Genetic covariances between glucosinolate traits in different tissues have the 

potential to constrain the evolution of defenses in the population that we studied. These 

constraints arise through a combination of strong positive covariance and antagonistic 

selection on PropBC between tissues. This covariance is thus predicted to slow the 

evolution of effective defenses throughout the plant. As herbivore-driven selection can 

change rapidly (Strauss and Irwin 2004), constraints that slow the approach to the 

evolutionary optimum may have considerable and ongoing effects on the population. 

The constraint is dependent on antagonistic selection between PropBC in cauline 

leaves and fruits; when we applied synergistic selection pressures, the covariances 

instead augmented the response to selection. Thus, the effects of the covariances are 

dependent on selective regime, as predicted (Conner 2012). Selection on PropBC is 

known to vary geographically (Prasad et al. 2012); if it is not consistently antagonistic, 

the extent of constraints exercised by between-tissue covariances may vary between 

populations. This question deserves further consideration in multiple spatial scales. 

Within Mahogany Valley, we observed spatial variation in the distribution of PropBC, 

with primarily low-BC families occurring near the experimental garden and high-BC 

families in most of the rest of the population. This distribution is consistent with the 

antagonistic selection observed at the garden; selection for low PropBC in the fruits was 

strong enough to decrease PropBC in leaves as well, which over time would be expected 
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to decrease PropBC overall. The higher PropBC in the rest of the valley, however, 

suggests that these patterns of selection may not be consistent even within a few 

kilometers. A similar experiment in a common garden located in an area of the 

population with low PropBC would indicate whether selection pressures within the 

population, and whether the extent of constraints caused by covariances can vary on a 

local scale.  

Glucosinolate profile also varies on a much broader geographic scale, as shown 

by the variation among the genetic groups. Some of this variation is in allocation 

between tissues; genetic covariances between rosette leaves and fruits varied for each of 

the compounds, both between EAST and WEST, and for the groups within EAST. As these 

covariances differ between genetic groups, so too might the strength of the constraints 

exercised by antagonistic selection, if present, or the augmentation caused by synergistic 

selection. Investigations of selective pressures on glucosinolate profile in leaves and 

fruits in the ranges of each of these genetic groups would be highly informative as to 

whether constraints vary among genetic groups, although the field experiments 

required would be logistically challenging at that scale.  

Comparing G between genetic groups, we found that G diverged among the 

genetic groups within EAST, varying in genetic variances, covariances, and the first and 

second eigenvalues; these differences arose within approximately 5,000 generations. G 

was further diverged between EAST and WEST, becoming non-proportional within 
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approximately 25,000 generations. The Fst-Qst comparison demonstrated that 

differences in glucosinolate profile between many of the genetic groups has been driven 

by selection, suggesting that the divergence in G was not driven solely by neutral 

processes.  

If G changes rapidly, then constraints exercised by covariances may not persist 

over long evolutionary timelines (Turelli 1988). Thus, the comparisons of G in Chapter 3 

may shed light on the importance of the constraints described in Chapter 2. We did find 

that G diverges over relatively short evolutionary time frames, suggesting that 

constraints may not be long-lived. However, the primary constraint was not caused by 

the entirety of the G-matrix; rather, it was the positive covariances between tissues that 

led to the constraint when selection was antagonistic. The covariances between tissues 

differ between populations, both between EAST and WEST, and within EAST; however, it 

was the strength of the covariances that changed, not the direction (Appendix X).  In all 

cases, tissues are similar within an individual; compounds that are common in the 

leaves will also be common in the fruits, even if the strength of that covariance varies. In 

a case such the one observed in the Mahogany population, the antagonistic selection 

would favor a negative covariance, with opposing traits in leaves and fruits. In all of the 

genetic groups, we observed positive covariances between tissues; thus, despite 

evidence that covariances can change, it is not clear that there is potential for negative 

covariances to evolve. Thus, despite evidence that the G-matrix changes, we still know 
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relatively little about how much constraints might vary among genetic groups. 

Two approaches would help to resolve the nature of the covariances between 

tissues. The persistence of positive covariances between tissues among genetic groups 

could be explained by either a history of synergistic selection, or by pleiotropic 

constraints. Thus, one question is whether it is possible for a negative covariance 

between tissues to evolve. An artificial selection experiment, exerting consistent 

selection against the covariance, would be an appropriate method to use to test whether 

the covariance can be broken down. In several cases, artificial selection has been shown 

to break down a covariance over a relatively small number of generations (Beldade et al. 

2002; Frankino et al. 2007; Conner et al. 2011; Delph et al. 2011), although sometimes the 

covariance persists despite selection against it (Dorn and Mitchell-Olds 1991; Allen et al. 

2008). Although such an experiment in B. stricta would be time-consuming and 

challenging, it would be the most direct method to address the question. 

Another related question is the underlying genetic basis of the positive 

covariances between tissues. There are several mechanistic frameworks that might 

explain the positive covariances in glucosinolate profile between tissues. In A. thaliana, 

glucosinolates are synthesized in source tissues, and sometimes transported long 

distances throughout the plant (reviewed in Halkier and Gershenzon 2006; Jørgensen et 

al. 2015). If a similar system is present in B. stricta, then similarities in glucosinolate 

profiles in different tissues might be very tightly related, as the compounds that are 
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produced in one will be transported into another; any variation between tissues would 

likely be due to preferences by the transporter molecules. If, on the other hand, 

glucosinolates are predominantly synthesized in the tissues where we find them, 

relationships between tissues could be due to pleiotropic effects of a gene affecting 

glucosinolate profile in each tissue. For example, some genotypes lack BC-derived 

glucosinolates in any tissue; we hypothesize that this is due to lack of a functional 

BCMA1/3 allele (Prasad et al. 2012). If this hypothesis is correct, some of the positive 

covariance in PropBC between leaves and fruits is due to pleiotropic effects of this gene 

(although a positive covariance was also observed among only the genotypes that make 

BC-derived glucosinolates). In this case, differences between tissues would likely be due 

to regulatory factors. A third option is that separate loci control glucosinolate profile in 

each tissue, but are correlated due to linkage disequilibrium. In this case, we would 

expect that the relationship between tissues should break down fairly easily under 

selection.  

Future work will begin untangling these possibilities by mapping the loci 

controlling glucosinolate profile in the fruits using a genome-wide association study 

(GWAS). The families that were phenotyped in Chapter 3 have already been genotyped, 

and GWAS has been performed for other traits, including leaf glucosinolate profile (J. 

Mojica, unpublished data). Candidate genes can be identified using the annotated B. 

stricta genome. We will map the loci controlling fruit glucosinolate profile using the data 
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from Chapter 3, and test whether these loci co-localize with those controlling leaf 

glucosinolates. The families also differ in allocation between tissues; we will map loci 

underlying this variation between tissues. This approach should shed light on whether 

variation in allocation is due to transporter proteins, or regulation of glucosinolate 

synthesis (in which case we might expect to find that the same loci that control 

glucosinolate profile control allocation). By identifying candidate genes and 

investigating the genetic architecture of glucosinolate profile and allocation, we will gain 

insight into the mechanisms underlying the constraint in the evolution of defenses. 

Theoretically, the speed at which G evolves is dependent on the genetic 

architecture underlying the genetic covariances; a few loci of relatively large effect are 

predicted to cause rapid, potentially transient changes in G, while covariances 

controlled by many loci of moderate to small effect are predicted to evolve more slowly 

(Kelly 2009). Few studies have connected the quantitative approaches of the G-matrix 

with mapping quantitative trait loci, however (Kelly 2009; Scoville et al. 2009). By 

identifying the loci underlying variation in glucosinolate profile in leaves and fruits, we 

will be able to determine how much of the genetic covariance each locus controls. These 

families have been phenotyped for a range of other physiological and morphological 

traits, which vary in the number of causal loci. A comparison of the divergence rate of G 

for traits controlled by differing number of loci would allow us to test theoretical 

predictions and shed additional light on the factors that determine how G evolves. 
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The results presented here indicate that genetic covariances in glucosinolate 

profile between tissues constrain the evolution of defenses, and that these covariances 

themselves change. Further work is needed, however, to investigate the genetic 

mechanisms underlying these constraints, in order to better understand how defenses 

evolve. 
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Appendix A: Estimated G-matrices for each genetic group 
 

COL 
 2OH1ME-F 1ME-F 6MSOH-F 1MP-F 2OH1ME-R 1ME-R 6MSOH-R 1MP-F 

2OH1ME-F  0.1789 -0.0469 -0.1315  0.0002  0.0131 -0.0099 -0.1181 -0.0006 
1ME-F   0.0939 -0.0488  0.0019 -0.0034  0.0736 -0.0393  0.0005 
6MSOH-F    0.1818 -0.0019  0.0967 -0.0655  0.1592  0.0002 
1MP-F     0.0003 -0.0001  0.0023 -0.0024  0.0002 
2OH1ME-R     -0.0108 -0.0122 -0.0943 -0.0003 
1ME-R       0.0727 -0.0598  0.0006 
6MSOH-F        0.1522 -0.0004 
1MP-R         0.0001 

 
NOR 

 2OH1ME-F 1ME-F 6MSOH-F 1MP-F 2OH1ME-R 1ME-R 6MSOH-R 1MP-F 
2OH1ME-F  0.0741 -0.0138 -0.0607  0.0002  0.0267  0.0259 -0.0520  0.0001 
1ME-F   0.0256 -0.0119  0.0003 -0.0074  0.0164 -0.0088  0.0001 
6MSOH-F    0.0733 -0.0003 -0.0019 -0.0429  0.0616  0.0001 
1MP-F     0.0001  0.0002  0.00715 -0.0010  0.0001 
2OH1ME-R      0.0160  0.0033 -0.0190 -0.0001 
1ME-R       0.0495 -0.0524  0.0002 
6MSOH-F        0.0708 -0.0002 
1MP-R         0.0001 
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UTA 
 2OH1ME-F 1ME-F 6MSOH-F 1MP-F 2OH1ME-R 1ME-R 6MSOH-R 1MP-F 

2OH1ME-F  0.1497 -0.0564 -0.0915 -0.0021   0.0791 -0.0012 -0.0733 -0.0024 
1ME-F    0.0916 -0.0386   0.0038 -0.0303   0.0569 -0.0283  0.0025 
6MSOH-F     0.1337 -0.0034 -0.0478 -0.0584  0.1048 -0.0016 
1MP-F      0.0018 -0.0011   0.0027 -0.0032  0.0016 
2OH1ME-R       0.0499 -0.0057 -0.0418 -0.0015 
1ME-R        0.0577 -0.0522  0.0015 
6MSOH-F        0.0933 -0.0015 
1MP-R         0.0015 

 

WEST 
 2OH1ME-F 1ME-F 6MSOH-F 1MP-F 2OH1ME-R 1ME-R 6MSOH-R 1MP-F 

2OH1ME-F 0.0421 -0.0363  0.0012 -0.0078  0.0120 -0.0182  0.0125 -0.0055 
1ME-F   0.0516 -0.0085 -0.0057 -0.0040  0.0239 -0.0133 -0.0063 
6MSOH-F    0.0110 -0.0038 -0.0003 -0.0002  0.0045 -0.0041 
1MP-F     0.1738 -0.0067 -0.0041 -0.0050  0.0159 
2OH1ME-R      0.0032  0.0029 -0.0006 -0.0056 
1ME-R       0.0045 -0.0009 -0.0059 
6MSOH-F        0.0032 -0.0022 
1MP-R         0.0138 
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