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ABSTRACT OF THE DISSERTATION 

 

Ecological Processes and Genomic Variation Associated  

with Seedling Performance in Tropical and Temperate Trees 

 

by 

 

Stephanie Erin Steele 

Doctor of Philosophy in Biology 

University of California, Los Angeles, 2017 

Professor Victoria Sork, Chair 

 

 Understanding the response of plants to natural selection is an important topic in plant 

evolutionary ecology, both in terms of understanding what structures plant populations spatially 

and genetically and how plants will be able to respond to changing conditions. We investigate 

three means by which seedlings respond to selection pressure: spatial escape, evolutionary 

response via local adaptation, and phenotypically plastic responses measured as changes in gene 

expression.  First, in tropical forest in Ecuador, we test the classic Janzen-Connell hypothesis 

that seed dispersal is advantageous because it provides escape from host-specific soil pathogens 

associated with high seedling densities near maternal trees.  In support of this hypothesis, we 

find that survival of Pentagonia macrophylla seedlings in the field increases and disease 

incidence decreases with decreasing density of conspecifics of various life stages.  However, a 

greenhouse experiment suggests that trade-offs between dispersal and local adaptation, along 
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with spatial heterogeneity in soil properties, shape seedling establishment.  Second, we propose a 

method to test for evidence of selection in seedling populations, using two oak species (Quercus 

douglasii and Q. kellogii) planted in common gardens in California as case studies.  We test for 

genetic differentiation between multivariate genotypes of seedling populations that survive or die 

and find that selection acts more strongly at distant than local sites and that the signal of 

selection increases over time.  Employing SNP-survival association tests, we further identify 31 

variants that may be responsible for observed genetic divergence between seedlings that lived 

versus died.  Finally, we test the effects of one pervasive selective pressure, drought stress, on 

variation in gene expression among seedlings within a population of Q. douglasii seedlings.  We 

identify a suite of genes that consistently respond to drought stress across all maternal families 

tested, in addition to a set of 70 genes whose transcriptional response to drought varies with 

family, providing adaptive potential to respond to changing conditions.  This work suggests that 

selection by pathogens shapes the spatial structure of a tropical tree population and that standing 

variation in a temperate tree population may allow adaptive evolutionary and plastic responses to 

changing climate. 
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CHAPTER 1: 

INTRODUCTION 

VARYING LEVELS OF PLANT RESPONSES TO NATURAL SELECTION 
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 Seed dispersal shapes the initial spatial and genetic structures of plant populations 

(Nathan & Muller-Landau, 2000) that are subsequently influenced by multiple selective 

pressures operating at each phase of the plant life cycle (Wang & Smith, 2002).  The most 

critical recruitment bottlenecks occur during the early plant life stages (Schupp, 1995), making 

the study of the selective forces operating on young seedlings crucial to our understanding of 

plant evolutionary ecology.  Plant responses to selective pressures can come in varying forms.  

First, plants may evolve strategies to escape selective pressures and thus increase their 

probability of survival and reproduction.  Seed dispersal, for example, increases the probability 

that seedlings will be able to escape host-specific soil pathogens that are attracted to high 

progeny densities near the maternal tree, as predicted by the classic Janzen-Connell hypothesis 

(Janzen, 1970; Connell, 1971).  Second, rather than escaping biotic or abiotic stressors, seedlings 

may respond to selective pressures via adaptive evolutionary changes in the genome.  Seedlings 

become locally adapted to their native environments through continual selection by local 

conditions that maximize fitness (Savolainen et al., 2013).  Finally, seedlings may respond to 

selective forces via phenotypically plastic responses, whereby the phenotype of an individual can 

change depending on the environmental conditions (Marais et al., 2013).  In this dissertation, I 

examine these three means by which plants may respond to selective pressures, by focusing on 

seedling populations in tropical rain forest in Ecuador and temperate forest in California. 

 

OVERVIEW OF THE DISSERTATION  

CHAPTER 1:  In tropical rain forest in Ecuador, we first test the density-dependent predictions of 

the Janzen-Connell hypothesis as an escape mechanism from soil pathogens for the tropical tree, 

Pentagonia macrophylla Benth.  We find that seedling survival increases and disease incidence 
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decreases with decreasing density of conspecific individuals of varying life stages.  Through 

greenhouse experiments, we next test whether the advantages to dispersal away from pathogens 

are offset by the potential advantages of remaining local if seedlings are adapted to conditions at 

the maternal site.  We find that the opposing forces of Janzen-Connell dynamics and local 

adaptation contribute to seedling establishment, yet that heterogeneity in soil quality further 

influences seedling success. 

 

CHAPTER 2:  To elucidate how local adaptation evolves and explore whether seedlings may be 

able to respond to changing environmental conditions, we present an approach for testing 

whether seedling populations display signals of selection in ‘home’ and ‘away’ sites.  This 

approach combines testing for genetic differentiation of multivariate genotypes between seedling 

populations that survive and die, and using association tests to identify genetic variants that may 

be driving these patterns.  Using two oak species growing in common gardens in Southern 

California as case studies, Quercus douglasii Hook. and Arn. (blue oak) and Quercus kelloggii 

Newb. (black oak), we find that selection acts more strongly on seedling populations planted at 

‘away’ relative to ‘home’ sites and that the signal of selection increases over time.  We further 

identify 31 outlier SNPs that may be driving adaptive divergence between populations that 

survive and die. 

 

CHAPTER 3:  We shift our focus to exploring how seedlings may be able to respond to selective 

pressures through phenotypically plastic responses.  Using differential gene expression as a 

measure of plasticity, we test how drought stress in the greenhouse house influences gene 

expression in Q. douglasii seedlings and whether there is variability in gene expression among 
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maternal families within a population.  We identify 1,322 drought response genes shared among 

all seedlings that may reflect past selection for managing drought stress and 70 variably 

expressed genes that indicate adaptive potential that may be especially important as plants face 

increased drought stress.  

 

 Below, I provide background on seed dispersal and the Janzen-Connell hypothesis, local 

adaptation and phenotypic plasticity as means of responding to environmental change, and a look 

at how plants respond physiologically and molecularly to drought, an important selective 

pressure for global plant populations. 

 

ADVANTAGES OF SEED DISPERSAL: A REVIEW OF THE JANZEN-CONNELL HYPOTHESIS 

 Seed dispersal is an important ecological process, laying the foundation for recruitment to 

later life stages that ultimately influences the structure of adult populations and communities 

(Howe & Smallwood, 1982; Schupp & Fuentes, 1995; Nathan & Muller-Landau, 2000; Wang & 

Smith, 2002; Seidler & Plotkin, 2006).  Among life stage transitions, the seed to seedling phase 

represents the most critical bottleneck (Schupp, 1995), as recruiting seedlings must contend with 

multiple biotic and abiotic pressures.  The potential advantages of seed dispersal are thus several-

fold. According to the colonization hypothesis, dispersal increases the probability that a seed 

reaches a suitable microsite for germination (Howe & Smallwood, 1982), such as a light gap 

(Augspurger, 1984; Augspurger & Kelly, 1984; Schupp et al., 1989; Hood et al., 2004) or an 

area of optimal water (Engelbrecht et al., 2007) or nutrient availability (Clark et al., 1999; John 

et al., 2007).  Dispersal may also direct seeds to favorable habitats (Howe & Smallwood, 1982; 

Wenny & Levey, 1998) or reduce competition with kin (Levin et al., 2003), though intraspecific 
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seedling competition has been shown to be weak (Svenning et al., 2007; Paine et al., 2008; 

Álvarez-Loayza & Terborgh, 2011).   

 Perhaps the most widely cited advantage of dispersal, however, is escape from host-

specialized natural enemies, as originally proposed by Janzen (1970) and Connell (1971).  The 

Janzen-Connell (J-C) hypothesis predicts that these specialized enemies regulate seedling 

recruitment by preferentially attacking seeds and seedlings located near the maternal tree or 

aggregated at high conspecific densities.  Such a pattern of non-random mortality at these 

localities should favor the recruitment of heterospecifics susceptible to a different set of natural 

enemies.  This dynamic generates predictions at both the individual and community levels 

(Terborgh, 2012).  With respect to a single adult tree, seedling survival should increase with 

increasing distance from the adult and with decreasing density of other seedlings, leading to 

reduced aggregations of individuals over time (Clark & Clark, 1984).  At the community level, 

this offers a mechanism for the maintenance of high species diversity, particularly in tropical 

forests, by preventing competitive exclusion by any one species (Wright, 2002).   

 With exceptions (Hyatt et al., 2003), a long history of empirical tests have generally 

supported the J-C hypothesis (Carson et al., 2008; Comita et al., 2014).  Pathogens in particular 

have gained momentum as drivers of J-C dynamics, especially the necrotrophic class of soil-

borne oomycetes that cause damping-off disease, such as those belonging to the genera Pythium 

and Phytophthora (Hendrix & Campbell, 1973; Augspurger, 1990).  Pathogens can culture on 

their host’s soils year after year, leading to negative feedbacks that inhibit the growth of 

conspecifics relative to heterospecifics (Bever, 1994; Mills & Bever, 1998; Reinhart et al., 2005; 

Mangan et al., 2010).  Furthermore, pathogens display increased infectivity with host density 

(Burdon & Chilvers, 1975), limited dispersal ability (Burdon & Chilvers, 1982), and some 
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degree of host-specificity (despite the generalist strategy of Pythium) (Gilbert & Webb, 2007; 

Augspurger & Wilkinson, 2007; Gallery et al., 2010), characteristics making them the ideal 

agents of Janzen-Connell-based mortality patterns (Nathan & Casagrandi, 2004).  Indeed, 

empirical tests have supported both the distance- and density-dependent effects of pathogens 

(Augspurger, 1983; 1984; Augspurger & Kelly, 1984; Clark & Clark, 1984; Gilbert et al., 1994; 

Packer & Clay, 2000; Bell et al., 2006; Yamazaki et al., 2008; Swamy & Terborgh, 2010; 

Bagchi et al., 2010; Xu et al., 2015), though distance effects have been regarded as more 

influential (Terborgh, 2012).  Several studies have implicated pathogens as contributors to 

negative density-dependence driving high species diversity in forest communities (Wills & 

Condit, 1999; Harms et al., 2000; Comita et al., 2014), although a direct link was not established 

(but see (Mangan et al., 2010)).  Finally, abiotic factors may modify the effects of pathogens, 

where low irradiance (Augspurger, 1984; Augspurger & Kelly, 1984; Hood et al., 2004) and 

high moisture (Hendrix & Campbell, 1973; Swinfield et al., 2012) tend to favor pathogen 

reproduction.  

 

LOCAL ADAPTATION AND PHENOTYPIC PLASTICITY IN PLANT POPULATIONS 

 Plants can respond to selective pressures through adaptive changes in the genome or 

through phenotypic plasticity.  Continued selection by local biotic and abiotic conditions can 

lead to local adaptation, wherein plants experience maximum fitness in their native environments 

and outperform individuals from other environments who are adapted to their own set of 

conditions.  Local adaptation can be thus demonstrated through reciprocal transplant 

experiments, in which local plants should outperform foreign plants in sets of reciprocally 

planted sites (Kawecki & Ebert, 2004), as demonstrated by the foundational experiments of 
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Clausen, Keck, and Heisey (Clausen et al., 1941; 1948).  Many reciprocal transplant experiments 

since have supported local adaptation as a commonly occurring process, though a recent meta-

analysis found evidence of local adaptation in only 45% of the population pairs under study 

(Leimu & Fischer, 2008).  Another means by which local adaptation can be demonstrated is 

through genetic associations with environmental gradients (Gonzalo-Turpin & Hazard, 2009; 

Sork et al., 2013; 2016).  Local adaptation is facilitated by large population size where genetic 

diversity is likely to be higher, and is especially pronounced between environmentally diverse 

habitats (Hereford, 2009).  On the other hand, gene flow and genetic drift tend to prevent local 

adaptation by homogenizing genetic diversity among populations, or reducing genetic diversity 

altogether, respectively (Hereford, 2009).  Within changing climate conditions, it will be 

especially important to understand whether plants will be able to adapt to environmental shifts in 

their existing localities. 

 An alternative to responding via changes in frequencies of adaptive alleles, plants can 

respond to selection pressures through phenotypic plasticity, where the phenotype of a given 

genotype depends on the environment it encounters.  Changing allelic effects (either in direction 

or magnitude) across environments are thus called genotype × environment interactions (Marais 

et al., 2013).  Phenotypic plasticity may be an especially useful mechanism for long-lived tree 

species to respond to environmental stressors, since they are immobile once seedlings are 

established.  It is also possible that plasticity allows a more rapid means of adapting to the 

environment than evolutionary change since it can occur within a single generation (Franks et 

al., 2013).  Among phenotypically plastic traits, gene expression is gaining traction for study 

with the ease of high-throughput sequencing.  While shared plastic gene expression responses 

may reflect adaptation to historical selection pressures, variation in gene expression plasticity 
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may indicate the evolutionary potential for plants to respond to changing conditions (Marais et 

al., 2012; Lasky et al., 2014).  This idea can be reflected in norm-of-reaction plots, graphical 

representations of phenotypes across varying environments or conditions.  In Fig. 1-1, genes 

whose expression changes consistently across family groups in response to a treatment may be 

shaped by past selection (Fig. 1-1A), while genes whose expression by treatment group varies 

with family, present the opportunity for selection to act and thus adapt to a shifting environment 

(Fig. 1-1B).  Interestingly, many studies have shown that both evolutionary change (i.e. 

genetically-based local adaptation to the environment) and phenotypic plasticity are involved in 

response to climate change for plant species (Franks et al., 2013). 

 

FIGURE 1-1. Norm-of-reaction plots comparing plastic gene expression responses to two conditions, control and 
treatment.  In (A) plastic responses are shared across families which may be indicative of past selection, while in (B) 
plastic responses vary depending on family and reflect adaptive potential. 

 

 

PHYSIOLOGICAL AND MOLECULAR RESPONSE TO DROUGHT 

 In California ecosystems, drought is an increasingly salient selective pressure for plant 

populations (Loarie et al., 2008).  In long-lived tree species, adaptation to drought can take the 

form of avoidance or tolerance strategies (Levitt, 1980; 1985; Ludlow & Muchow, 1990; Chaves 

et al., 2003; Bréda et al., 2006). Dehydration avoidance involves maintaining tissue water 
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potential under drought by increasing water uptake and reducing water loss via transpiration 

(Chaves et al., 2003).  To increase water uptake, plants may allocate resources to deep, 

branching root systems to more effectively capture available soil water (Bréda et al., 2006), 

resulting in a higher root-to-shoot ratio.  To decrease water loss, plants may shed older leaves or 

fold leaves to decrease the area of transpiring surfaces, invest in dense trichomes and waxy 

cuticles to reflect light, and reduce stomatal conductance by closing stomata (Levitt, 1980; 

Chaves et al., 2003).  While closing stomata decreases transpiration and the incidence of 

hydraulic failure, it also reduces photosynthetic rates and thus carbon fixation and growth 

(McDowell et al., 2008).  Alternatively, the dehydration tolerance strategy allows plants to 

continue normal functions at low tissue water potentials.  Tolerance is facilitated by osmotic 

adjustment, which involves increasing inorganic ions and organic solutes (such as proline, 

glycine betaine, and sugars) as a means of maintaining cell turgor, metabolism, and growth 

(Reddy et al., 2004; Obidiegwu et al., 2015).  The accumulation of these solutes due to pro-

longed drought exposure may lead to drought acclimation or “hardening” to subsequent drought 

events in the form of decreased desiccation rates (Levitt, 1985), decreased seedling transpiration 

capacity (Villar-Salvador et al., 2013), or increased leaf water content (Vilagrosa et al., 2003), to 

name a few.  Thus, researchers studying plant drought response in experimental settings often 

include a hardening treatment to mimic natural drought exposure. 

 Cellular signaling pathways underlying these physiological responses to drought have 

been extensively studied.  Many of these pathways are mediated by the phytohormone, abscisic 

acid (ABA), synthesized in dehydrating roots and transported to leaves where it triggers guard 

cell turgor loss and stomatal closure (Osakabe et al., 2014).  This results in decreased 

photosynthesis and an imbalance between light capture and use, where excess electrons lead to 
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the production of reactive oxygen species (ROS) (Reddy et al., 2004).  ABA and other hormones 

further induce early stress-responsive genes (Zhu, 2002) such as MAP kinases and transcription 

factors that are responsible for transducing the initial stress signal and modulating gene 

expression in response, respectively (Bhargava & Sawant, 2012).  Transcription factors in turn 

can up-regulate genes involved in protection from heat, degradation, and oxidative stress (e.g. 

heat shock proteins (HSPs), late embryogenesis abundant (LEA)-type proteins, ROS 

scavengers), and water and ion transport genes for maintaining osmotic balance (e.g. aquaporins 

and membrane transport proteins) (Wang et al., 2003).  While these genes may contribute to 

adaptive responses to water stress, other genes that produce deleterious “shock” responses may 

also be expressed (Chaves et al., 2003). 
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PLATE 1-1: Seedling of study species including A) Pentagonia macrophylla seedling with symptoms of damping-off 
disease, B) dense cluster of P. macrophylla seedlings at the Bilsa Biological Reserve in Ecuador, C) Quercus 
douglasii seedlings and D) Quercus kelloggii seedlings growing in the greenhouse at UCLA. 
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ABSTRACT 

 Seed dispersal away from high conspecific density has the potential to significantly 

enhance seedling establishment, a pattern that has often been attributed to escape from host-

specialized pathogens as predicted by the classic Janzen-Connell hypothesis.  However, dispersal 

away from the maternal site also has the potential to decrease seedling establishment if plants are 

locally adapted to the resident pathogens, soil microbiomes, or other microsite conditions. Here, 

we evaluate the potential for dispersal to facilitate escape from density-responsive pathogens 

versus the potential to erode the benefits of local adaptation for a tropical forest tree in Ecuador, 

Pentagonia macrophylla (Rubiaceae).  In a field survey of thirty 1 – 4m2 plots encompassing 

naturally recruiting seedlings, seedling survival decreased with density of juvenile and subadult 

conspecifics while incidence of damping-off disease increased with adult conspecific density and 

lower light availability.  A controlled greenhouse experiment confirmed that pathogens decrease 

seedling performance, as indicated by decreased disease incidence and increased growth with 

fungicide treatment.  Surprisingly, without fungicide treatment, seedling growth was highest in 

maternal soil relative to nearby or distant conspecific soil, suggesting local adaptation to soil 

environment.  However, this effect disappeared with fungicide treatment, wherein seedlings 

experienced the highest growth in distant soil.  Further tests revealed that part of this pattern may 

be attributed to differences in soil composition and soil source, indicating that heterogeneity in 

soil quality may further impact seedling success.  Field observations thus suggest that seed 

dispersal benefits include escape from density-dependent pathogens, yet greenhouse experiments 

point to a more complex story wherein seed dispersal outcomes are determined by heterogeneity 

in the soil environment that may include pathogens, beneficial microbes, and abiotic soil 

properties.  Our study provides evidence that opposing forces (Janzen-Connell dynamics versus. 
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local adaptation) may contribute to seedling establishment of a tropical tree, but that 

heterogeneity in soil quality will further determine seedling success. 
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INTRODUCTION 

 Seed dispersal is an important ecological process, laying the foundation for recruitment to 

later life stages that ultimately influences the structure of adult populations and communities 

(Schupp & Fuentes, 1995; Nathan & Muller-Landau, 2000; Wang & Smith, 2002; Seidler & 

Plotkin, 2006). Perhaps the most widely cited advantage of dispersal is escape from host-

specialized natural enemies, as originally proposed by Janzen (1970) and Connell (1971).  The 

Janzen-Connell (J-C) hypothesis predicts that these specialized enemies regulate seedling 

recruitment by preferentially attacking seeds and seedlings located near the maternal tree or 

aggregated at high conspecific densities.  Such a pattern of non-random mortality at these 

localities should favor the recruitment of heterospecifics susceptible to a different set of natural 

enemies.  Among natural enemies, pathogens in particular have gained momentum as drivers of 

J-C dynamics, especially the necrotrophic class of soil-borne oomycetes that cause damping-off 

disease, such as those belonging to the genera Pythium and Phytophthora (Hendrix & Campbell, 

1973; Augspurger, 1990).  Pathogens can culture on their host’s soils year after year, leading to 

negative feedbacks that inhibit the growth of conspecifics relative to heterospecifics (Bever, 

1994; Mills & Bever, 1998; Reinhart et al., 2005; Mangan et al., 2010).  

 The original J-C hypothesis solely predicted interspecific differences in recruitment, but 

the potential for host-pathogen coevolution has led to speculation whether J-C dynamics could 

operate intra-specifically (Augspurger, 1990; Gilbert, 2002).  That is, do pathogens become 

differentially adapted to plant genotypes within a species, such that locally novel seed or 

seedling genotypes have a survival advantage?  Differential adaptation to plant genotypes could 

occur if pathogens culture on localized host tissue generation after generation (Gilbert, 2002).  

Indeed, local adaptation of pathogens to their hosts has been shown on the scale of meters 
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(Parker, 1985; Kaltz & Shykoff, 1998; Laine, 2006) and fungal communities can be structured at 

the scale of individual crowns (Gallery et al., 2007).  Several field studies have suggested that 

survival near conspecifics may be genotype-dependent (Augspurger & Kelly, 1984; Hardesty et 

al., 2006; Choo et al., 2012).  One recent study has given direct support to an intra-specific J-C 

effect, in which seedling survival in conspecific soil increased with increasing genetic distance, 

spatial distance, and trait dissimilarity between the planted seedling and conspecific soil source 

(Liu et al., 2015). Overall, however, intra-specific J-C effects have received little attention and 

further exploration could elucidate whether this is a common phenomenon influencing the 

evolutionary dynamics of plant populations.  Such an effect could be especially relevant for more 

common tree species, where dispersal near conspecifics is frequent if seed dispersers forage 

between trees of the same species. 

 Despite the advantages of seed dispersal put forth by the J-C hypothesis, however, 

moving seeds away from the maternal neighborhood may be disadvantageous if individuals are 

locally adapted to existing conditions (Schmitt & Gamble, 1990; Peat & Fitter, 1993; Smith et 

al., 2012).  For example, over 80% of plants form mutualistic associations with mycorrhizal 

fungi, in which the mycorrhizae facilitate the uptake of nutrients in plants in exchange for fixed 

carbon (van der Heijden et al., 2008).  Plants may become adapted to their local mycorrhizae, 

such that survival and growth of seedlings decreases with dispersal distance from parents (Hood 

et al., 2004; Johnson et al., 2010), potentially cancelling out a J-C effect (Liang et al., 2015).  

Plants may also develop resistance to local pathogens (Roy, 1998) or herbivores (Sork et al., 

1993), giving hosts a survival advantage at home sites relative to distant sites.  Plants are most 

likely to become locally adapted to their pathogens if they are the further dispersers, since a 

continuous influx of genetic variation can increase their evolutionary potential (Kaltz & Shykoff, 
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1998; Gandon & Michalakis, 2002).  However, whether plants are resistant or susceptible to 

local pathogens may depend on the temporal phase of coevolutionary dynamics (Kaltz & 

Shykoff, 1998; Gandon & Michalakis, 2002).  Plants may also become locally adapted to abiotic 

soil properties such as nutrient or chemical composition (Wright et al., 2006).  All of the 

aforementioned factors are not mutually exclusive, and some combination of biotic and abiotic 

factors are likely to play an important role in local adaptation (Abdala-Roberts & Marquis, 2007; 

Pregitzer et al., 2010).  Thus, for plants, it appears there may be trade-offs between dispersing to 

escape natural enemies and remaining local where the existing environment may be suiTable 2-

for recruitment.   

 Here, we explore the advantages of seed dispersal as a means of escape from specialized 

natural enemies as predicted by the Janzen-Connell hypothesis versus the potential disadvantages 

of dispersal away from environments to which seeds are locally adapted.  Focusing on 

Pentagonia macrophylla (Rubiaceae), a common tropical tree in northwestern Ecuador, we 

address several specific questions. We first employ a field survey to monitor how seedling 

survival in plots varies with conspecific density.  We address two questions:  1) Does seedling 

survival increase with decreasing density of conspecifics of varying life stages, consistent with J-

C predictions?  2) Are density-dependent mortality patterns driven by pathogens, as indicated by 

increased disease incidence with conspecific density?  We further consider the effect of abiotic 

factors including light availability, soil moisture, and topography (slope) on seedling survival 

and disease incidence. To illuminate the processes underlying survival patterns in the field, we 

next carry out a greenhouse experiment to test how seedling performance (germination, disease 

incidence, and growth) varies with fungicide treatment and soil type (from the seedling mother, 

or a near or far conspecific).  We address two further questions:  3) Do pathogens lead to a 
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decrease in seedling performance? 4) Is seedling performance heightened in soils from distant 

conspecifics, suggesting an intra-specific J-C effect, or is seedling performance highest in the 

soil of the mother, suggesting local adaptation?  Together, these results assess how abiotic 

factors and trade-offs between dispersal to escape specialized pathogens and local adaptation 

shape seedling recruitment for a tropical forest tree. 

 

METHODS 

STUDY SITE AND SPECIES.—Field observations and greenhouse experiments were carried out at 

the Bilsa Biological Research Station, a 3500 hectare reserve located within the 121,000 hectare 

Mache-Chindul Ecological Reserve in northwestern Ecuador (79°45’ W, 0°22’ N).  The reserve 

is situated within the Chocó region, a biodiversity hotspot (Myers et al., 2000) of which less than 

1% remains in Ecuador.  It is classified as premontane tropical wet forest, with an elevation 

ranging from 330 – 730 m, a wet season lasting from January through May, and 3500 mm of 

annual precipitation.  The focal plant species, Pentagonia macrophylla Benth. (Rubiaceae), is a 

shade-tolerant understory tree that is widely distributed throughout the western Neotropics from 

Guatemala to Peru (Tropicos.org, Missouri Botanical Garden).  Tubular, yellow flowers are 

hummingbird-pollinated and largely out-crossing due to the temporally dioecious mating system 

in which flowers synchronously alternate between sexual phases within the same tree (McDade, 

1986).  P. macrophylla exhibits a steady-state flowering pattern, with flowering occurring over a 

94-day period in one study (Augspurger, 1983a).  Fleshy, multi-seeded fruits are adapted for 

dispersal by mammals (Croat, 1978), and may be dispersed by large birds, bats, and primates at 

Bilsa (Bilsa Staff, personal communication).  At Bilsa, P. macrophylla adults tend to grow in 

clusters and reproduce both through seed and vegetatively through fallen branches (personal 
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observation).  Dispersers may potentially move seeds among clusters of conspecific adult trees 

as they forage, thus warranting studies of whether maternal, local, or distant seeds experience the 

highest recruitment success. 

 

SEEDLING SURVIVAL AND DISEASE INCIDENCE IN THE FIELD 

FIELD METHODS.—To test the hypothesis that seedling survival decreases and seedling disease 

incidence increases with conspecific density, we established 30 seedling plots around the highest 

densities of newly germinating seedlings along five trails in the Bilsa Reserve (Fig. 2-1) and 

monitored seedling survival over time.  Each site included six seedling plots (5 trails x 6 plots = 

30 plots total), three of which were placed in areas of high adult conspecific density and the 

remaining three of which were placed in adjacent areas with few or no adult conspecifics, likely 

representing dispersed seeds.  Plots were either 1 or 4 m2 in size, and the larger plot was used in 

cases where seedling density was low (often in low adult conspecific areas) to capture more 

seedlings. Initial seedling density ranged from 6.75 to 256 seedlings/m2 (mean = 60.97, st. dev. = 

72.47), with a total of 2625 seedlings across all 30 plots.  Within trails, inter-plot distance ranged 

from 14 to 170 m, while between trails, inter-plot distance ranged from 540 m to 3.2 km. 

 We monitored seedling counts and incidence of damping-off symptoms over time for all 

seedlings in a plot.  We established plots in February to March 2012 (Time 1), at which time all 

seedlings were counted and tagged by loosely tying a thin cord around the stem.  We returned to 

plots seven to 41 days later (Time 2), to count and tag new seedlings.  In July 2012 after 

approximately four months (Time 3), we again surveyed plots for counts of surviving seedlings 

and tagged new seedlings with a cord of a different color. Final seedling counts were conducted 

in August 2013 (Time 4).  At the latter three time points, we also surveyed plots for seedlings 
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showing evidence of damping-off disease.  Damping-off symptoms were categorized as 

browning and wilting of stems or leaves, a putative indicator of infection by soil pathogens 

(Augspurger, 1983b).  Total counts of seedlings with damping-off symptoms per plot were 

recorded for 28 plots at Time 2, for all 30 plots at Time 3, and for all plots with surviving 

seedlings at Time 4. 

 We also took repeated measurements for a sample of 40 random but healthy seedlings per 

plot (except in the case of three plots which had fewer than 40 total seedlings).  These seedlings 

were tagged with labeled plastic markers, allowing tracking of the same seedling from one time 

point to the next.  Beginning at Time 2, we recorded survival status, presence of damping-off 

symptoms, and herbivory level (rated on a 0 – 5 scale, representing the percentage of plant area 

consumed in 20% intervals) for each seedling.  This made it possible to test whether damping-off 

or herbivory increased the risk of mortality by the next time point.  It was also possible to test 

which predictors explained presence or absence of damping-off symptoms for seedlings in all 30 

plots.  Worthy of note, at Time 2, we sampled a cotyledon from each of these seedlings for 

genetic analysis in a separate study, and only tagged and sampled healthy seedlings to reduce the 

FIGURE 2-1.  Five field 
locations at the Bilsa Biological 
Reserve.  Each site has six 
seedling plots including three 
placed at high conspecific 
density and three placed at low 
conspecific density. 
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probability of killing the seedling. A 2010 pilot study of 1281 field seedlings showed that 

sampling a cotyledon increased the risk of seedling mortality (logistic regression; β = 0.3877, z = 

2.597, p = 0.00941).  However, this should make the seedling survival estimates more 

conservative.  Because plots placed away from conspecifics tended to have fewer seedlings, a 

greater proportion of total seedlings were comprised of the 40 tagged seedlings.  Thus, if 

cotyledon sampling is the most important determinant of seedling survival, one would expect a 

higher degree of mortality in plots with low conspecific counts and low seedling numbers where 

most seedlings are sampled for tissue.  On the other hand, to show evidence of a J-C effect, 

seedling mortality must be higher where conspecifics and seedlings are in high abundance, and a 

smaller proportion of seedlings are sampled for tissue. 

 We also surveyed seedling plots for counts of surrounding conspecifics of three age 

classes and simple measures of environmental variables.  Juveniles up to 3 m in height were 

counted within a 5-m radius of the plot centers.  Subadults 3 – 6 m in height were counted to a 

radius of 10-m from plots, and adults greater than 6 m were counted to a distance of 20-m.  We 

measured basal diameter for juveniles and diameter at breast height for subadults and adults.  We 

counted and measured conspecifics in August 2013.  Because growth and mortality of plants past 

the seedling stage is low, measurements of conspecifics were not expected to differ significantly 

had they been measured at the start of the study.   

 To measure light availability, we estimated percent canopy openness and averaged 

estimates over four directions (north, south, east, and west) above the center of each plot with a 

spherical densiometer.  We measured slope of the major incline of each plot gravimetrically with 

a protractor and meterstick.  Finally, we used a Lincoln soil moisture meter to estimate and 

average soil moisture to a depth of 10 cm for four evenly spaced points within plots.  This 
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instrument provides a relative measure of soil moisture on a 1 – 10 scale, where a 10 was 

calibrated to represent completely saturated soil.  We measured light availability when plots were 

established in February to March 2012, while we recorded slope and soil moisture when plots 

were revisited in July 2012.  

 

STATISTICAL ANALYSES.—To test the effect of conspecific abundance and environmental 

variables on seedling survival, we implemented negative binomial regression using the MASS 

package v.7.3.45 (Venables & Ripley 2002) in R v.3.1.3 (R Core Development Team, 2017).  

Negative binomial regression is used to model count outcome variables and is a special case of 

Poisson regression, except that the negative binomial regression allows the outcome variable to 

be overdispersed, wherein the conditional variance exceeds the conditional mean.  The model 

reports a parameter, theta (θ), which captures the dispersion of the data, where greater values of 

θ indicate smaller variance.  Diagnostics confirmed that the negative binomial regression model 

was a better fit to the data than a Poisson model (see Appendix).  In the negative binomial model, 

the outcome variable was seedling counts at Time 3, and only surviving seedlings tagged with a 

cord (either at Time 1 or Time 2) were included to ensure no new seedlings arriving after Time 2 

inflated this count.  Because the initial number of seedlings varied among plots, the total number 

of seedlings at Time 1 and new seedlings at Time 2 (hereafter referred to as the initial number of 

seedlings) was used as an offset variable.  We ran multiple negative binomial regression models 

with varying combinations of one to seven of the following explanatory variables: juveniles 

within 5 m (either as counts or total basal area), subadults within 10 m (either as counts or total 

area at breast height), adults within either 10 m or 20 m (either as counts or total area at breast 

height), trail, slope, light availability, and soil moisture.  As a side note, for one tree with missing 
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diameter at breast height (DBH) but with a height value, we used a linear model of all tree DBH 

values on height to infer its DBH, and thus total area at breast height for this individual was also 

inferred.  For models including conspecifics of multiple age classes, we used either counts or 

total area for all variables, but not both.  We compared model AIC scores using the BBMLE 

package (Bolker 2015) in R, and the optimal model with the lowest AIC score was chosen for 

further analysis. We reran the optimal model dropping influential points to test their effect on the 

estimates (see Appendix). Finally, we tested the effects of each predictor on seedling counts at 

Time 4, with initial seedling counts as the offset variable.  

 To test whether conspecifics and environmental variables affected the incidence of 

damping-off symptoms, we ran negative binomial regression and Poisson regression in R.  The 

outcome variable of interest was total incidence of damping-off symptoms per plot at Time 2 or 

Time 3, for which data was available for 28 plots.  We implemented best subsets regression for 

both negative binomial and Poisson regression models using all combinations of 2 – 7 potential 

predictors among the following: juvenile, subadult, and adult counts, and slope, light availability, 

soil moisture, and trail. Because conspecific counts and cumulative areas were found to be 

equally good predictors of seedling survival in the previous analysis (see Results section), we 

only used counts here for simplicity.  Initial number of seedlings was used as an offset variable 

in each model.  We used the BBMLE package (Bolker 2015) to rank the models by AIC score and 

to choose an optimal model among those with the lowest AIC scores.  This model underwent 

diagnostics to assess the fit of the negative binomial model and to test for influential points, as 

described for the survival data (see Appendix).  

 Finally, we analyzed the approximately 40 tagged seedlings per plot to test whether 

damping-off symptoms and herbivory increased risk of mortality and to determine whether the 
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same predictors from the plot-level analysis of damping-off incidence explained presence or 

absence of damping-off per seedling in all 30 plots.  We modeled each analysis as a generalized 

linear mixed effect model with the LME4 package v.1.1-9 (Bates et al. 2014) using the binomial 

family and logit link function with plot as a random effect. We used the LMERTEST package 

v.2.0-29 (Kutznetsova et al. 2015) to obtain P-values.  We separately tested for the effect of 

presence or absence of damping-off and degree of herbivory at Time 2 on mortality at Time 3. 

Finally, we tested the effect of conspecific counts, seedling density, and environmental 

predictors on presence of damping-off symptoms, and used best subsets selection to identify an 

optimal model. 

 

SEEDLING PERFORMANCE IN THE GREENHOUSE 

GREENHOUSE EXPERIMENT.—We conducted a greenhouse experiment to test the following 

hypotheses: 1) soil pathogens negatively affect seedling performance, as measured by 

germination probability, incidence of damping-off symptoms, and growth, and 2) seedling 

performance is affected most severely when grown in soil from the mother relative to soil from 

nearby conspecifics (intermediate effect) or distant conspecifics (least effect) if there is an intra-

specific J-C effect.  Alternatively, if seedlings are locally adapted to the maternal site, then 

seedling performance should be maximized when grown in maternal soil relative to nearby or 

distant conspecifics. To test these hypotheses, in February 2012, we collected fruits from two 

maternal trees from each of three trails, for a total of six trees. We isolated seeds from seven to 

nine fruits per tree, with an average number of seeds per fruit ranging from 57 to 126.  We 

surface sterilized seeds by submerging them with a strainer in the following five washes: an 

initial water wash to remove debris, a 0.6% bleach solution for three minutes, and three separate 
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washes with purified water for one minute each.  Seeds were dried, placed in paper bags, and 

stored in plastic Ziplock bags with silica to prevent mold growth until ready for germinating.  To 

initiate germination, seeds were placed in coffee filter packets which were kept moist and 

arrayed on three plastic trays according to trail.    

 To obtain soil for the greenhouse experiment, we excavated six soil quadrats (20 cm x 36 

cm x 7 cm deep) from random locations within 5 m of each of the same six trees from which 

fruits were collected.  In an effort to preserve soil microbial communities, we used intact or 

nearly intact blocks of soil (when possible) from the top surface of the quadrats to fill 288 square 

pots (7 cm per side; Landmark I-SR300 pots).  Pots were distributed into two groups, a control 

group and a fungicide group, which contained an equal representation of soil quadrats per 

maternal source.  Each soil quadrat was represented four times per treatment group.  The 

fungicide group received a treatment composed of the broad-spectrum azoxystrobin-based 

fungicide Quadris® and the selective metalaxyl-based fungicide Ridomil Gold MZ® (Syngenta 

AG, Basel Switzerland) which targets oomycetes.  We prepared a solution of 0.25g/L of 

Quadris® and 1.25g/L of Rido Gold MZ®, half of the dilution recommended by the distributor 

(Ecuaquimica, Ecuador).  As a one-time drench application, we applied 35 mL to each fungicide 

treatment pot and applied an equivalent amount of water to control pots.  To prevent cross-

contamination of treatments, the two groups of pots were kept separate for two days while 

draining.  Pots were then assigned at random to 12 trays, with the requirement that each maternal 

tree’s soil was represented four times per tray from two separate soil quadrats, half of which 

belonged to the fungicide treatment. 

 After five days on coffee filters, we transferred seeds to the 288 pots in early February 

2012.  Four seeds were planted per pot, including a “mom” seed from the same tree as the soil 
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was taken, a “nearby” seed from the tree within the same trail, and two “far” seeds, one 

randomly chosen from each of the other two trails.  This included a total of 1152 seeds, for 

which each maternal source was equally represented within and across trays.  We placed seeds in 

evenly spaced shallow divets in each pot and charted each seed’s location.  Some seeds 

developed surface mold, likely due to surface contaminants and humidity.  The occurrence of 

surface mold significantly varied by seed source (χ2 = 168.0, df = 5, p < 2e-16) but was unrelated 

to soil type, soil source, or fungicide treatment.  In this case, we replaced moldy seeds with 

newly-germinated fresh seeds up to four times, one to 17 days after initial planting (472 initial 

seeds were replaced). We watered pots regularly every 2 – 6 days and randomized tray positions 

every few days to minimize potential differences in microhabitat conditions such as light 

availability.  Over the course of 45 days, we monitored germination, seedling height, and 

presence of damping-off symptoms.  Damping-off symptoms were categorized as browning 

stems, where browning was initiated from the top of the stem near the seed coat, rather than from 

the bottom of the stem near the soil.  This was intended to isolate the potential effects of soil 

pathogens, rather than pathogens that may have originated from the seed coat, even after surface 

sterilization.  It was not always possible to determine the origin of stem browning since, in some 

cases, disease could overtake an entire stem between sampling points.  In such cases, these 

seedlings were kept in the analysis as having damping-off symptoms. 

 

STATISTICAL ANALYSES.—To test whether soil pathogens affect seedling performance in a 

manner that varies with soil site (mom, near, and far conspecific soil), we examined germination, 

incidence of damping-off disease, and seedling growth between fungicide-treated and control 

individuals planted in each soil type.  For both germination and disease incidence, we ran 
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generalized linear models (GLMs) with a binomial error distribution and logit link function in R 

(v3.1.3), with germination or disease incidence over the total study period as binary (yes/no) 

outcome variables.  For each of these outcome variables, we first ran separate single variable 

GLMs to test for the effect of tray, pot, soil source, soil quadrat, and degree of soil “intactness” 

(intact, partially intact, not intact).  Wald tests with the AOD package v.1.3 (Lesnoff & Lancelot, 

2012) confirmed that the overall effect of each variable was not significant (results not shown), 

and these variables were thus excluded from further analysis. We then tested our main GLM of 

interest, including seed source, soil site, fungicide, and the soil site × fungicide interaction as 

predictors.  Odds ratios and 95% confidence intervals for odds ratios were computed for each 

level of predictor variables, and the overall effect of each variable was determined by Wald tests.  

A total of 1137 seeds were included in the analysis for the germination model while only 

seedlings that had germinated (n = 631) and that had no missing disease data (628 of 631 

seedlings) were included in the analysis of disease. Seedlings were considered to have damping-

off symptoms if they developed disease during any time during the 45-day survey period, 

regardless of whether they were still alive by the end of the study.  As a further comprehensive 

check to potential factors influencing germination and disease in the greenhouse, we 

implemented stepwise AIC selection.  The starting model included soil ‘intactness’, soil source, 

seed source, soil site, fungicide, and all possible two-way interactions. 

 Finally, we tested whether pathogens affect seedling growth in a manner that varies with 

soil site.  To account for differences in growing time due to replacement of moldy seeds, we 

divided final seedling height at day 45 by the number of growing days.  Only seedlings that had 

germinated and were alive by the end of the study were considered, and 46 seedlings with 

missing data were excluded, leaving 571 seedlings for analysis.  Because many variables were 
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significant in one-way ANOVA models, we implemented stepwise AIC selection with the same 

starting model as above.  The optimal model underwent diagnostic analysis to ensure it met the 

assumptions of normality and homogeneity of variance.  To this end, influential points identified 

using built-in functions and were dropped, and the model underwent a power transformation 

determined by the boxcox test using the MASS package v.7.3.45 (Venables & Ripley, 2002)).  

 

RESULTS 

SEEDLING SURVIVAL AND DISEASE INCIDENCE IN THE FIELD.—Seedling survival over four months, 

measured as the proportion of surviving seedlings at Time 3 over the initial number of seedlings 

(the sum of the total seedlings at Time 1 and new seedlings at Time 2), ranged from 0 to 0.692 

(mean = 0.277, st. dev. = 0.188).  The optimal negative binomial regression model predicting 

seedling counts at Time 3 included juveniles counts within 5 m, subadult counts within 10 m, 

slope, and trail as explanatory variables and initial number of seedlings as the offset variable 

(Table 2-1).  Consistent with J-C expectations, seedling survival significantly decreased with 

increasing numbers of juvenile and subadult conspecifics, with a greater effect of subadult counts 

on log seedling counts (Table 2-1; Fig. 2-2).  Survival also significantly decreased as the slope of 

the major incline increased (Table 2-1).  Survival significantly differed between each of the four 

reported trails and the reference trail, Gume, which had the lowest average survival of the five 

trails (Table 2-1).  Similar relationships and significance levels were found if total juvenile basal 

area and total subadult area at breast height were substituted for counts (results not shown), 

indicating that counts and total area are good proxies for one another and that the relationship 

between conspecifics and seedling survival is strong.  AIC scores, 2 log likelihood scores, and 

the theta parameter were similar for these two models (Table 2-S1: models 1 and 2).  Removing  
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TABLE 2-1. Negative binomial regression model testing the effect of conspecific juvenile counts within 5 m of 
plots, subadult counts within 10 m of plots, slope of the major incline, and trail on seedling survival after four 
months.  The total number of seedlings at Time 1 and new seedlings at Time 2 was included as the offset variable.  
For the categorical trail variable, Trail 3 (Gume) was chosen as the reference group since it had the lowest average 
seedling survival.  All 30 plots were included in the analysis. 

Variable Estimate Std. Error Z Value Pr (> |z|) Significance 

(Intercept) -1.28783 0.28943 -4.450 8.60E-06 *** 

Juvenile Counts 5 m -0.07871 0.03008 -2.617 0.008878 ** 

Subadult Counts 10 m -0.20841 0.09336 -2.232 0.025598 * 

Slope -0.04336 0.01111 -3.903 9.49E-05 *** 

Trail 1 (Amarillo) 1.24999 0.30878 4.048 5.16E-05 *** 

Trail 2 (Café) 0.97378 0.28508 3.416 0.000636 *** 

Trail 4 (Naranja) 0.93946 0.31438 2.988 0.002806 ** 

Trail 5 (Verde) 1.03348 0.29653 3.485 0.000492 *** 

 

FIGURE 2-2. Effect of (A) juvenile counts within 5 m of seedling plots and (B) subadult counts within 10 m of 
seedling plots on seedling survival after four months.  The line shows predicted seedling survival based on the fit of 
the negative binomial regression model controlling for counts of the other conspecific age class, slope, and trail.  
Points show the observed proportion of surviving seedlings for the 30 plots, measured as the number of seedlings 
surviving at Time 3 over the total seedlings at Time 1 and new seedlings at Time 2.  
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two influential plots (Table 2-S1: model 3) and three additional outliers (Table 2-S1: model 4) 

improved the fit of the models, although subadults had a moderate (model 3) or insignificant 

effect (model 4) and juveniles had a moderate effect (model 4) (See Appendix for further details).  

That juvenile abundance remained a moderate predictor of seedling survival even after dropping 

five outlier plots suggests this relationship is genuine.  Finally, at Time 4, seedling survival 

ranged from 0 to 0.159 per plot (mean = 0.0168, st. dev. = 0.0381).  There were no significant 

predictors of seedling survival at this time, likely due to low counts of surviving seedlings. 

 The total proportion of seedlings with damping-off symptoms at either Time 2 or Time 3 

relative to the initial number of seedlings ranged from 0 to 0.196 (mean = 0.0500, st. dev. = 

0.0441).  Among the highest-scoring models explaining total incidence of damping-off for both 

negative binomial and Poisson regression was a model including adult counts within 20 m, light 

availability, mean soil moisture, and trail as predictors, with initial seedling counts as an offset 

variable.  The dispersion parameter, θ, failed to converge for the negative binomial regression 

model (See Appendix for diagnostics).  However, the Poisson model showed that total damping-

off incidence increased with increasing adult conspecific counts and decreasing light availability, 

each consistent with J-C predictions (Table 2-2; Fig. 2-3A, B).  Damping-off incidence 

decreased as soil moisture increased (Table 2-2; Fig. 2-3C) and was significantly different 

between each trail and the reference (Table 2-2).  Removal of five influential points resulted in 

failure of the model to converge (See Appendix), suggesting that more plots should be sampled in 

the future. Generalized linear mixed effects models of the approximately 40 tagged seedlings per 

plot identified damping-off and herbivory as important predictors of seedling mortality (of 1109 

and 1107 seedlings, respectively, and identified similar predictors of damping-off symptoms as 

did the plot-level analysis.  Damping-off significantly increased risk of mortality (β = 2.057e04,  
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TABLE 2-2. Poisson regression model testing the effect of adult counts within 20 m of plots, light availability 
(measured as canopy openness), mean soil moisture, and trail on total incidence of damping-off symptoms per plot 
at Time 2 or Time 3.  The initial number of seedlings was included as an offset variable.  For the trail predictor, 
Trail 1 (Amarillo) was selected as the reference group since it had the lowest mean incidence of damping-off 
symptoms.  For this analysis, 28 plots with damping-off data for both Time 2 and Time 3 were included. 

Variable Estimate Std. Error Z Value Pr (> |z|) Significance 
(Intercept) -1.58721 0.72115 -2.201 0.027739 * 

Adult Counts 20 m 0.07700 0.03245 2.373 0.017655 * 

Light availability -0.09406 0.03646 -2.580 0.009892 ** 

Soil Moisture -0.19723 0.06774 -2.912 0.003596 ** 

Trail 2 (Café) 1.34578 0.36887 3.648 0.000264 *** 

Trail 3 (Gume) 0.81652 0.40304 2.026 0.042773 * 

Trail 4 (Naranja) 0.97851 0.46070 2.124 0.033673 * 

Trail 5 (Verde) 0.95221 0.37280 2.554 0.010643 * 

 

z = 3883502, P < 2e-16).  One hundred percent of seedlings with damping-off symptoms at Time 

2 were dead by Time 3, compared to 64.98% of seedlings without such symptoms.  Additionally, 

herbivory had a significant, though less pronounced effect on seedling mortality (β = 0.375, z = 

4.270, p = 1.95e-05), with an increased probability of mortality with each 20% interval increase 

in herbivory.  Finally, best subsets selection identified an optimal model including adults, light, 

and soil moisture as fixed effects and plot as a random effect predicting presence or absence of 

damping-off.  Adult counts within 20m had a significant positive effect on damping-off presence 

(β = 0.253, z = 3.437, P = 0.000589), while light and soil moisture only had moderately negative 

effects (light: β = -0.111, z = -1.727, P = 0.0841; soil moisture: β = -0.207, z = -1.699, P = 

0.0894).  These trends agree with those found in the Poisson regression considering damping-off 

incidence on a plot-wide scale, though trail was not a significant predictor here.  
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FIGURE 2-3. Effect of (A) adult counts within 20 m of seedling plots, (B) light availability measured as percent canopy openness, and (C) mean soil moisture on 
the proportion of seedlings with damping-off symptoms per plot.  The fitted line shows predicted incidence of damping-off based on the Poisson model, adjusting 
for the other two variables and trail.  Points show the observed proportion of seedlings with damping-off symptoms for the 28 monitored plots, measured as the 
total number of symptomatic seedlings at Time 2 or Time 3 over the total number of seedlings at Time 1 and new seedlings at Time 2. 
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SEEDLING PERFORMANCE IN THE GREENHOUSE.— A total of 631 seedlings germinated out of 

1137 seedlings without missing data across the 45-day study period (~55.5%).  Many of the 

seeds that did not germinate succumbed to mold.  Of the model testing the effect of seed source, 

soil site, fungicide, and the fungicide × soil site interaction, only seed source was a significant 

predictor of germination in both the GLM and Wald test (Table 2-3, Fig. 2-4a).  Interestingly, 

near soil and the near soil × fungicide interaction were moderately significant, with a 1.55× 

increased odds of germination in near relative to far soil in the control group and 0.536× 

decreased odds of germination in near relative to far soil in the fungicide group (Table 2-3, Fig. 

2-4b). Wald tests revealed no overall effect for soil site or the soil site × fungicide interaction 

(Table 2-3, Fig. 2-4b).  Validating our results, stepwise AIC selection only identified seed source 

as significant predictor of germination (Wald test: χ2 = 180.7, df = 5, P = 0.0) of the following 

terms: soil ‘intactness’, soil source, seed source, soil site, fungicide, and all two-way interactions. 

FIGURE 2-4.  Plots showing the effect of (A) seed source and (B) fungicide treatment by soil site (mom, near, or far 
conspecific soil) total germination in the greenhouse over the 45-day survey period.  Proportion of seedlings 
germinating are out of a possible 1137 seedlings. Seed sources A and B, C and D, and E and F belong to three 
separate trails, respectively in plot (A). Some seeds were replaced within this time due to mold.  Lines connect the 
mean germination proportion between soil sites in (B).  Standard error bars are shown for each group. 
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TABLE 2-3. Generalized linear model with binomial family and logit link, testing the effect of seed source, soil site (mom, near, and far conspecific soil), 
fungicide, and soil site × fungicide on total germination.  Total germination was coded as a binary yes/no variable for any seed that had germinated by the end of 
the 45-day survey period (of 1137 seeds total).  Seed source A, far soil, and the control group were used as the reference categories. In addition to model 
estimates, odds ratios and their 95% confidence intervals are reported for the GLM, and Wald tests are reported for the overall effect of each variable.  

Total Germination: Generalized Linear Model  Wald Test 

Variable z value Pr(>|z|)  OR 2.50% C.I. 97.50% C.I.  Variable χ2 Df Pr(>χ2) 

Intercept -6.891 5.53E-12 *** 0.2280 0.1482 0.3440      

Seed source B 6.493 8.44E-11 *** 4.4545 2.8571 7.0509  Seed Source 184.4 5 0.0 

Seed source C 11.16 < 2e-16 *** 19.8903 11.9300 34.1632      

Seed source D 9.653 < 2e-16 *** 10.4827 6.5675 17.0752      

Seed source E 7.998 1.26E-15 *** 6.5476 4.1641 10.4724      

Seed source F 3.098 0.0020 ** 2.0669 1.3112 3.2914      

Mom soil 0.787 0.4315  1.1979 0.7646 1.8823  Soil Site 5.1 4 0.28 

Near soil 1.885 0.0594 . 1.5476 0.9852 2.4453      

Fungicide 1.514 0.1300  1.3287 0.9202 1.9216  Fungicide 4.3 3 0.23 

Mom Soil × Fungicide -1.36 0.1739  0.6428 0.3394 1.2147  Soil Site × 
Fungicide 

4.3 2 0.12 

Near Soil × Fungicide -1.917 0.0553 . 0.5356 0.2822 1.0128      
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 Total incidence of damping-off disease over the 45-day survey period was low, with 32 

affected seedlings out of 628 that had germinated with complete disease data (~5.1%).  The 

incidence of damping-off varied moderately across some seed sources in the GLM although the 

overall effect of seed source was not significant (Table 2-4; Fig. 2-5a).  Fungicide treatment 

significantly reduced the incidence of damping-off (Table 2-4; Fig. 2-5b), where fungicide-

treated seedlings had 0.137 times the odds of acquiring disease relative to controls in far soil.  

However, soil site and the interaction between soil site and fungicide had no significant effect on 

damping-off incidence (Table 2-4, Fig. 2-5b).  Stepwise AIC selection confirmed fungicide 

treatment as the only significant predictor of disease incidence (logistic regression: β = -1.55, Z 

= -3.37, P = 0.000751).   

 

FIGURE 2-5.  Plots showing the effect of (A) seed source and (B) fungicide treatment by soil site (mom, near, or far 
conspecific soil) on the incidence of damping-off symptoms for seedlings growing in the greenhouse over the 45-
day survey period. Damping-off incidence is shown as the proportion of diseased individuals per group, of 628 total 
seedlings that had germinated. Seed sources A and B, C and D, and E and F belong to three separate trails, 
respectively in plot (A).    Lines connect the mean incidence of damping-off incidence between soil sites in (B).  
Standard error bars are shown for each group. 
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TABLE 2-4. Generalized linear model with binomial family and logit link function testing the effect of seed source, soil site (mom, near, and far conspecific 
soil), fungicide, and soil site × fungicide on the incidence of damping-off disease.  Damping-off was coded as a binary presence/absence variable for 628 
seedlings that had germinated.  Seed source C and far soil were the reference categories since they had the lowest incidence of damping-off.  The control group 
was the reference category for the fungicide term. In addition to model estimates, odds ratios and their 95% confidence intervals are reported for the GLM and a 
Wald test is reported to test the overall effect of each term.  

Damping-Off Disease: Generalized Linear Model  Wald Test 

Variable z value Pr(>|z|)  OR 2.50% C.I. 97.50% C.I.  Variable χ2 Df Pr(>χ2) 

Intercept -5.651 1.59e-08 *** 0.0428 0.0121 0.1132      

Seed source B 2.064 0.0390 * 4.6302 1.0301 20.8781  Seed Source 6.4 5 0.27 

Seed source C 0.708 0.4786  1.6713 0.3831 7.2950      

Seed source D 0.851 0.3947  1.7551 0.4866 7.0428      

Seed source E 1.911 0.0560 . 3.2717 1.0232 12.4547      

Seed source F 1.550 0.1211  2.9364 0.7431 12.3628      

Mom soil 0.097 0.9224  1.0502 0.3725 2.7599  Soil Site 0.78 4 0.94 

Near soil -0.040 0.9679  0.9800 0.3480 2.5726      

Fungicide -2.568 0.0102 * 0.1365 0.0209 0.5154  Fungicide 11.1 3 0.011 

Mom Soil × Fungicide 0.655 0.5128  2.0955 0.2043 21.7218  Soil Site × 
Fungicide 

0.6 2 0.74 

Near Soil × Fungicide 0.676 0.4992  2.1460 0.2092 22.2376      

 



	 43	

 Stepwise AIC selection identified an optimal model including soil ‘intactness’, soil 

source, seed source, soil site, fungicide, and the soil site × fungicide interaction as predictors of 

seedling growth.  Following diagnostic assessment of leverage, Cook’s distances, and Q-Q plots, 

three influential points were dropped from the dataset. A power transformation by a factor of 

1.31 for the outcome variable was determined by a boxcox test.  Together, these adjustments 

reduced the skew of the residuals of the model from -0.408 to -0.0365.  Following adjustments, 

soil ‘intactness’, seed source, soil site, and fungicide were significant predictors of seedling 

growth ((cm/day)1.31) while soil source and the soil site × fungicide interaction were only modest 

predictors in a Type I sequential sum of squares ANOVA (estimates depend on variable order in 

the model; Table 2-5).  However, a Type III marginal sum of squares ANOVA (where estimates 

are reported when each variable is entered last in the model) identified soil source but not soil 

site as significant (Table 2-5).  Visual assessment showed seedling growth to be maximized in 

non-intact soil followed by partially intact soil (Fig. 2-6a).  Growth was highest in soil source C 

and lowest in soil source F (Fig. 2-6b), while seedlings belonging to maternal seed source E 

experienced the highest growth and those of maternal soil source F experienced the lowest 

growth (Fig. 2-6c).  Together, these results suggest that soil properties (aeration, nutrients, 

pathogens, or beneficial mycorrhizae, among others) and seed quality influence seedling growth.  

 The overall effect of the soil site × fungicide interaction was moderately significant, yet a 

post-hoc Tukey Honestly Significant Differences test identified a significant difference in growth 

in near soil with and without fungicide (diff = 0.00380, P = 0.0279) and far soil with and without 

fungicide (diff = 0.00477, P = 4.0E-07), but no such differences in growth were found in 

maternal soil (diff = 0.00141, P = 0.854).  Interestingly, growth was maximized in maternal soil 

for control seedlings, suggesting local adaptation to soil, while growth was highest in far soil for  
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FIGURE 2-6.  Seedling growth per (A) degree of soil ‘intactness’, (B) soil source, (C) seed source, and (D) 
fungicide treatment group by soil site (mom, near, far conspecific soil).  Growth was measured as seedling height in 
centimeters divided by total number of planting days, followed by a transformation by a factor of 1.31 to satisfy 
model assumptions.  After removing outliers and missing data, only seeds that germinated and survived to the end of 
the 45-day survey period are included (n = 568).  Points represent means per group and bars display standard errors. 
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intactness moderates either the ability of seedlings to respond to pathogens or the efficacy of the 

fungicide.  Soil source and seed source had significant interactions with soil site (Fig. 2-S1), 

suggesting that soil properties other than pathogen composition and that seed quality or genotype 

affect seedling performance within the different soil types (mom, near, far).  

 

TABLE 2-5. ANOVA results for the best model explaining seedling growth, according to stepwise AIC.  The model 
included soil ‘intactness’, soil source, seed source, soil site, fungicide, and soil site × fungicide.  Seedling growth 
was measured as height (cm) per day and was transformed by a power of 1.31 to meet model assumptions.  After 
removing outliers and missing data, a total of 568 seedlings that germinated and survived to the end of the study 
were included in the analysis. F- and P-values are reported for both Type I sequential sum of squares (where the 
order of terms in the model affects estimates) and Type III marginal sum of squares (where estimates are based on 
the given term being entered last in the model).  Significance codes are as follows: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 
‘.’ 0.1 ‘ ’ 1. 

Variable Df Type I F Type I Pr(>F)  Type III F Type III Pr(>F)  

Soil Intactness 2 19.827 4.85E-09 *** 13.3807 2.12E-06 *** 

Soil Source 5 2.138 0.0596 . 3.0933 0.00918 ** 

Seed Source 5 14.206 4.35E-13 *** 14.5154 2.25E-13 *** 

Soil Site 2 3.215 0.0409 * 2.1848 0.113  

Fungicide 1 37.731 1.56E-09 *** 31.9362 2.56E-08 *** 

Soil Site × Fungicide 2 2.558 0.0784 . 2.5581 0.0784 . 

Residuals 550       

 

DISCUSSION 

 Seedling survival patterns in the field and seedling performance in the greenhouse point 

to negative density dependence driven by pathogens as an important driver of Pentagonia 

macrophylla seedling outcomes at the Bilsa Biological Reserve in Ecuador, and further suggest 

that a complex interplay between Janzen-Connell dynamics, local adaptation, and heterogeneity 

in soil quality shape seedling establishment in this species.  In the field, seedling survival 

decreased with increasing density of conspecific juveniles and subadults, consistent with J-C 
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predictions.  Furthermore, the incidence of damping-off increased with density of adult 

conspecifics and with decreasing light availability, further supporting J-C expectations and 

pointing to soil pathogens as likely contributors to the observed survival patterns.  Damping-off 

symptoms indeed led to 100% seedling mortality by the next time point, although herbivory also 

increased mortality risk.  

 Our greenhouse findings demonstrated that pathogens negatively impact seedling 

performance, and thus may be drivers of survival patterns seen in the field.  Fungicide treatment 

significantly reduced disease incidence in all soil types, despite the fact that damping-off 

symptoms were observed in only 5.1% of germinated seedlings.  Even though most seedlings did 

not exhibit overt symptoms, fungicide treatment led to a significant increase in growth in soil of 

nearby and distant conspecifics relative to the same soil site in controls, which suggests that 

pathogens inhibited seedling performance.  Fungicide did not have a significant effect on 

germination, and thus pathogens may be less of an influence on germinating seeds.  

 Patterns of seedling performance in the greenhouse further suggest that heterogeneity in 

soil properties, both biotic and abiotic, may interact to determine seedling recruitment success.  

We did not find clear evidence of an intra-specific J-C effect, which could be important if 

dispersed seeds frequently encounter other conspecific adults.  If intra-specific J-C dynamics 

were operating, we would expect 1) seedling performance to increase in soil from more distant 

conspecifics when no fungicide is applied and 2) optimal and equivalent seedling performance 

with fungicide application in all soil sites (mom, near, far soil).  However, we found that the 

incidence of damping-off disease decreased with fungicide treatment but was equivalent among 

soil sites in both treatment groups, suggesting ubiquitous distribution of pathogens across 

conspecific soil.  However, larger sample sizes may be required to detect differences among soil 
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sites when incidence of disease symptoms is low. Furthermore, seedling growth was highest in 

maternal soil among control seedlings, yet highest in distant soil among fungicide-treated 

seedlings.  These patterns neither conform precisely to the predictions of local adaptation in 

which seedling performance should be maximized in maternal soil and decrease with distance of 

the conspecific soil when no fungicide is applied, while seedling performance with fungicide 

treatment should vary depending on the cause of local adaptation (e.g. resistance to local 

pathogens or adaptation to local mutualistic mycorrhizae).  With further inspection, we find that 

seedling performance among soil types (mom, near, far) depends on the particular soil source 

(from maternal trees A-F) and degree of soil ‘intactness’.  This suggests that heterogeneity in soil 

quality, related not only to pathogen and mycorrhizal communities but also abiotic properties 

such as nutrients or aeration, influences seedling outcomes.  Consequently, seed dispersal may be 

advantageous if it facilitates escape from pathogens, but will be further determined by the degree 

of local adaptation to soil and spatial heterogeneity in soil quality.  

 

SURVIVAL PATTERNS IN THE FIELD POINT TO NEGATIVE DENSITY DEPENDENCE BY PATHOGENS—

Patterns of seedling survival and disease incidence in the field are consistent with negative 

density dependence driven by pathogens, a result that has been supported by many studies 

(Augspurger & Kelly, 1984; Wills et al., 1997; Wills & Condit, 1999; Packer & Clay, 2000; Bell 

et al., 2006; Yamazaki et al., 2008; Bagchi et al., 2010; Swamy et al., 2010).  Many tests of the 

J-C hypothesis have found that high density of conspecific seedlings increases seedling 

mortality, likely the result of increased risk of secondary infection by soil pathogens (Burdon & 

Chilvers, 1975).  While we did not find an effect of seedling density on seedling survival 

(logistic regression results not shown), we found seedling survival to decrease with density of 
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juvenile and subadult conspecifics and disease incidence to increase with adult tree density.  To 

some extent, this relationship may be confounded with distance from maternal trees, which is 

difficult to disentangle from density effects when adults grow in aggregates.  However, other 

studies have found adult conspecific density to have a greater influence on seedling survival than 

density of conspecific seedlings (Queenborough et al., 2007; Metz et al., 2010; DeWalt et al., 

2015).  Queenborough et al. (2007) suggest that common tree species may serve as reservoirs for 

pathogens, such that interactions among conspecific trees and seedlings outweigh interactions 

among seedlings.  Xu et al. (2015) further suggest that high density of adult conspecifics may be 

more indicative of long-term seedling abundances that can culture pathogens, while current 

seedling densities may only reflect seedling distributions in a single season. 

 The association that we find between seedling survival and conspecific density could also 

be indicative of allelopathy or competition with conspecifics for access to resources.  Seedling-

seedling competition, however, seems unlikely, as seedling density did not affect survival and 

has previously been shown to be insignificant (Svenning et al., 2007; Paine et al., 2008; Álvarez-

Loayza & Terborgh, 2011; Terborgh, 2012).  While we cannot rule out allelopathy or 

competition among seedlings and later-stage conspecifics, we did find that disease incidence 

increased with conspecific density, indicating a role for pathogens in determining recruitment.  

Further confirmation of a role for pathogens came from the greenhouse experiment in which 

incidence of damping-off symptoms decreased and seedling growth increased with the use of 

fungicide.  Thus, whether or not biotic interactions unrelated to J-C dynamics contribute to 

seedling survival in this species, our field and greenhouse studies do suggest that pathogens 

regulate seedling survival in a manner that varies with conspecific density. 
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 Field results further demonstrated that abiotic factors may also contribute to seedling 

establishment.  Consisent with J-C expectations, incidence of damping-off disease increased with 

decreasing light availability.  High light environments have a two-fold advantage for seedling 

survival: high irradiance is not only inhibitory to pathogens but can accelerate seedling growth 

and lignification which promotes resistance against pathogen infection (Augspurger, 1984; 1990; 

Hood et al., 2004).  Damping-off incidence also increased with a decline in soil moisture, 

possibly because soil moisture improved seedling vigor and their ability to resist pathogens.  

Indeed, seedlings enduring drought stress may be more susceptible subsequent stresses by 

pathogens (Schoeneweiss, 1978), even though high soil moisture can also promote pathogen 

reproduction and transmission among hosts, resulting in increased seedling mortality (Hendrix & 

Campbell, 1973; Swinfield et al., 2012).  Soil moisture may not yet have reached levels that 

favor the pathogen over the plant host.  One caveat, though, is that soil moisture was measured at 

a single time point.  Continuous tracking of soil moisture and die-off by pathogen infection 

across the growing season may be able to more precisely define how water status affects seedling 

health.  Finally, terrain affected seedling survival, wherein increasing slopes led to higher 

mortality.  Seedling may not be able to establish on steep terrain, as water channels and flowing 

debris during rain onset may uproot young seedlings, as was observed for one of our plots (plot 

8).  Together, field results show that J-C dynamics can explain seedling establishment, yet 

abiotic factors further moderate survival patterns.  

 

INTRA-SPECIFIC JANZEN-CONNELL EFFECT VERSUS LOCAL ADAPTATION—For a species such as 

Pentagonia macrophylla that tends to grow in aggregations, an intra-specific J-C effect could 

have important implications for the spatial distribution of disease resistance variation.  
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Dispersers foraging among clusters of adult trees could generate a mixture of maternal, local, and 

distant seedling genotypes near any given tree, creating the potential for differential selection 

among disease resistance variants.  However, we did not find evidence of an intra-specific 

Janzen-Connell effect.  Disease incidence decreased with fungicide but did not vary among soil 

sites (mom, near, far), suggesting that pathogens affecting P. macrophylla specialize on hosts at 

the species level or higher, which is not uncommon (Augspurger & Wilkinson, 2007).  It may 

have been possible to detect trends in disease incidence by soil site with a larger sample size, 

longer observation period, and lower light environment than found in the greenhouse.  However, 

seedling growth did vary by soil site and fungicide, though not wholly in the predicted direction.  

With fungicide treatment, seedling growth was heightened in distant conspecific soil, suggesting 

that pathogens may be particularly virulent on maternal and local seedlings even after fungicide 

treatment, yet fungicide can release distant seeds from pathogen pressure.   

 Without fungicide, seedling growth was maximized in maternal soil, suggesting local 

adaptation to the maternal soil environment.  Given disease-survival associations in the field and 

decreased disease with fungicide in the greenhouse, local adaptation to pathogens is unlikely in 

this study, although it does occur (Roy, 1998), particularly when hosts migrate more than their 

pathogens (Gandon & Michalakis, 2002).  It is possible that P. macrophylla seedlings are locally 

adapted to beneficial mycorrhizal fungi.  Hood et al. (2004) found that root colonization by 

arbuscular mycorrhizal fungi (AMF) in tropical seedlings was heightened in conspecific relative 

to distant soil, and AMF colonization was further linked to increased plant biomass.  In a 

grassland ecosystem, Johnson et al. 2010 found that grasses were locally adapted to AMF, 

wherein nutrient exchange was maximized within local grass-AMF combinations, and AMF 

extended the most hyphae for water and nutrient acquisition in local soil.  While increased 
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association with AMF beneath conspecifics can promote seedling growth and cancel out a J-C 

effect at low population densities (Liang et al., 2015), the potential effects of pathogens and 

AMF are difficult to reconcile in our study. The contention between local adaptation and a J-C 

effect may have been easier to detect had we looked at an inter-specific scale rather than an intra-

specific scale, if pathogens and AMF adapt to species rather than genotypes.  Exposing seedlings 

to separate isolates of pathogens and AMF could further disentangle the relative importance of 

these biotic factors on seedling survival. 

 

EFFECT OF SOIL HETEROGENEITY—Beyond the opposing forces of J-C dynamics and local 

adaptation, we find that heterogeneity in soil quality is an important factor influencing seedling 

performance for P. macrophylla.  Seedling growth varied with soil ‘intactness’ (Fig. 2-6a) and 

soil source (maternal soil A – F; Fig. 2-6b), and separate tests revealed that these two soil 

properties also had a significant interaction with soil site (mom, near, far; Fig S1).  In other 

words, whether or not a seedling grows well in maternal, near, or distant conspecific soil depends 

on the particular soil source and its consistency.  Plant growth depends on soil properties such as 

nutrients, pH, texture, organic matter, bulk density, and microbial community composition.  

Plants may be locally adapted to the biotic and abiotic properties of their soils (Wright et al., 

2006; Abdala-Roberts & Marquis, 2007; Pregitzer et al., 2010; Smith et al., 2012), and many 

studies have shown tree and seedling distributions to reflect the heterogeneous nature of the soil 

environment or other habitat conditions (Webb & Peart, 2000; Svenning, 2001; Harms et al., 

2001; Russo et al., 2005; Gómez-Aparicio, 2008).  While we artificially changed the ‘intactness’ 

of the soil, differential seedling performance with varying degrees of ‘intactness’ in the 

greenhouse suggests that seedling recruitment under natural conditions may vary with the degree 
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of soil aeration, and thus gas exchange, that they encounter.  We maintained soil intact as much 

as possible to reduce changes to soil microbial communities that may arise with disturbance.  

However, to isolate the effects of biotic communities from physical soil properties, it will be 

necessary to inoculate common soil with microbial isolates from different maternal tree locales.   

 

EFFECT OF MATERNAL SEED SOURCE—In addition to soil conditions, seedling performance also 

varied across maternal seed sources.  This difference may be attributed to variation in maternal 

effects, genetic variation, or seed quality related to the environment.  Seed source was the only 

significant predictor of germination, and may act as an initial filter on seedling recruitment.  

Seed source did not affect disease incidence, but was significantly associated with seedling 

growth.  Interestingly, those seed sources with the highest germination did not also exhibit the 

highest growth, pointing to differential success at different stages of the life cycle among 

maternal families.  Separate tests of the seed source × soil site interaction were significant, 

suggesting that maternal seed sources may be best adapted to different soil properties.  This 

could have implications for the spatial genetic structure of seedling populations.     

 

CONCLUSION 

 This work supports the density-based predictions of the Janzen-Connell hypothesis, 

wherein seed dispersal away from high conspecific density increases survival of Pentagonia 

macrophylla seedlings, due to a reduction in disease incidence.  Density of later stage 

conspecifics, rather than seedlings, was found to be an important determinant of survival.  

Pathogens may be adapted to P. macrophylla hosts at the species level, given that we did not find 

clear evidence of an intraspecific Janzen-Connell effect.  However, greenhouse experiments 



	 53	

suggest that seed dispersal outcomes may be affected by factors beyond escape from pathogens.  

Rather, a complex interaction among Janzen-Connell dynamics, local adaptation to beneficial 

mycorrhizae or soil properties, and soil heterogeneity may determine seedling establishment 

patterns for this tropical tree.      
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APPENDIX 

 

SUPPLEMENTAL METHODS  

STATISTICAL ANALYSIS DIAGNOSTICS FOR FIELD SURVEY— For GLMs evaluating seedling 

survival and incidence of damping-off disease, we ran diagnostics to verify the fit of the optimal 

negative binomial regression model to the data and to test the robustness of the model when 

influential points were dropped.  First, the goodness-of-fit of the outcome variable, surviving 

seedlings at Time 3, to the negative binomial distribution and other count distributions was tested 

using the VCD package (Meyer et al. 2014) in R.  Distributions were characterized further 

through visualization in ord plots.  Second, the over-dispersion assumption was tested by 

calculating the residual deviance of the Poisson model over the residual degrees of freedom.  A 

value greater than one suggests that the negative binomial model is a better fit than the Poisson 

model, the latter of which is expected to yield a value approximately equal to one.  To confirm 

whether the negative binomial model was a more appropriate fit to the data than the Poisson 

model, a likelihood ratio test of the two models was implemented with the PSCL package 

(Jackman 2015).  Finally, we reran the optimal negative binomial regression model after 

dropping influential seedling plots identified by high values for Pearson residuals, both leverage 

(X outliers) and studentized residuals (Y outliers), Cook’s distance (measures the change in β 

when the ith observation is removed), or DFFITS (measures the change in yhat when the ith 

observation is removed).  All values except Pearson residuals were calculated with the CAR 

package (Fox & Weisberg 2011). 

 

SUPPLEMENTAL RESULTS 

STATISTICAL ANALYSIS DIAGNOSTICS FOR FIELD SURVEY—Diagnostic analysis supported the 
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negative binomial regression model as the best count model to describe seedling survival data.  

The goodness-of-fit test showed that the outcome variable, counts of seedlings surviving to Time 

3, was better characterized by a negative binomial distribution than a Poisson or binomial 

distribution, although the fit was still rejected (χ2 = 68.75, df = 21, p = 5.57e-07).  Ord plots 

further suggested the negative binomial as the best distribution, though with a negative 

probability estimate.  Lack of fit to the data may be due to the small sample size of 30 plots, but 

among the potential count distributions, the negative binomial distribution was the most ideal.  

As further support for the use of the negative binomial regression model, the over-dispersion 

assumption was validated by calculating the residual deviance / residual degrees of freedom of 

the Poisson model, which equated to 5.35, greater than the null expectation of 1.  A likelihood 

ratio test confirmed that the negative binomial regression model was a better fit to the data than 

the Poisson model (χ2 = 42.11, p = 4.31e-11).  In sum, the outcome variable of surviving 

seedling counts was best characterized by a negative binomial distribution, and the full 

regression model was best fit by the negative binomial regression, validating its use here. 

 The negative binomial model for seedling survival was rerun after identifying influential 

plots and dropping them from the analysis.  Two influential plots were identified as exceeding 

the Cook’s distance threshold of 0.167 or the DFFITs threshold of ±0.816: plot 13 (CookD = 

0.387, DFFITS = -4.32) and plot 27 (CookD = 0.255, DFFITS = 0.942).  Removing them from 

the regression model improved the AIC and 2LL scores and reduced dispersion (Table 2-2: 

model 3), and all predictor variables remained significant except for subadult counts which 

became moderately significant (P = 0.0556).  An additional regression model was run after 

removing three plots in addition to the two influential plots above.  The three plots included two 

X outliers exceeding the leverage threshold of 0.4: plot 7 (Hat = 0.517) and plot 19 (Hat = 
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0.673).  It also included a third plot (plot 8), which was located in an ephemeral wash when 

heavy rains set in, resulting in high, observed seedling mortality.  Although removal of these five 

plots improved the fit of the model (model 4; Table 2-2), subadult counts were no longer a 

significant predictor of seedling survival, and juvenile counts were only moderately significant 

(P = 0.0593).  Plots 7 and 8 had the highest and second highest counts of juvenile conspecifics (n 

= 15 and n = 13, respectively).  The result that juvenile counts remained moderately significant 

even with the removal of these plots suggests that juveniles have a genuine effect on seedling 

survival.  Plot 19, on the other hand, had the highest number of subadult conspecifics (n = 5).  

Because its removal makes the effect of subadult counts insignificant, results should be 

interpreted with caution.  Future studies should aim to capture seedling plots that are surrounded 

by a larger range of subadults.  It should be noted however, that while plots 7 and 19 are X 

outliers, they are not influential; their counts of surviving seedling do not deviate from the 

regression line predicting seedling survival.  In this study, the only plot that was a Y outlier with 

a studentized residual exceeding the threshold of ±2 was plot 13 (StudRes = -5.61), which was 

already dropped due to it being an outlier by Cook’s distance and DFFITS criteria.  In sum, 

analyses support the effect of conspecifics, slope, and trail on seedling survival whether 

conspecifics are modeled as counts or cumulative area, but results must be interpreted with 

caution when influential plots and outliers are dropped. 

 Diagnostic analysis tended to support use of the Poisson regression model to test the 

effect of predictors on total incidence of damping-off.  The outcome variable, total damping-off 

incidence at Time 2 or Time 3, was best characterized by a negative binomial distribution, 

although the fit was still rejected (χ2 = 25.051, df = 9, P = 0.00292).  However, for the optimal 

regression model, a likelihood ratio test indicated that the negative binomial regression model 
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was not a better fit to the data than the Poisson model (χ2 = 0.819, p = 0.183).  Compounded by 

the failure of the dispersion parameter to converge in the negative binomial regression model, the 

Poisson model was selected as the optimum.  Outlier analysis identified 5 total influential points 

that exceeded the Cook’s Distance threshold of 0.1818, or that exceeded the DFFITS threshold 

of ± 0.8542.  Six additional points that were either only X outliers or Y outliers were not 

considered.  Removing the 5 influential points from the analysis resulted in failure of the model 

to converge, due to too few data points.  More plots should be sampled in the future to increase 

power to test hypotheses. 

 

TABLE 2-S1. Comparison of AIC scores, 2 log likelihood (2LL) scores, and dispersion parameters (θ) for the 
following negative binomial regression models for seedling survival: (1) the optimal model from best subsets 
regression using the full dataset where conspecifics are expressed as juvenile counts within 5 m of plots and 
subadult counts within 10 m of plots, (2) a modification of model 1 where conspecifics are expressed in terms of 
total basal area (BA) of juveniles within 5 m of plots and total area at breast height (ABH) of subadults within 10 m 
of plots, (3) model 1 excluding two influential plots exceeding Cook’s distance and DFFITS thresholds, and (4) 
model 3 excluding two additional outliers in X exceeding the leverage threshold, and plot 8 which had high non-
disease related mortality.  AIC scores decrease and 2LL scores become more positive as model fit improves, and a 
high θ parameter indicates lower variance of the model. 
 

Model Variables Plots (N) AIC Score 2 Log Likelihood θ  Parameter 

1 Juvenile counts, subadult counts, 
slope, trail 

30 229.42 -211.42 6.54 

2 Juvenile BA, subadult ABH, 
slope, trail 

30 230.71 -212.713 6.27 

3 Juvenile counts, subadult counts, 
slope, trail 

28 195.62 -177.617 15.65 

4 Juvenile counts, subadult counts, 
slope, trail 

25 180.08 -162.084 19.50 
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FIGURE 2-S1. Effect of soil site (mom, near, far conspecific) and fungicide treatment on seedling growth (cm/day) 
when (A, B) soil ‘intactness’, (C, D) soil source, and (E, F) seed source are also separately accounted for in the 
model.  Plots are separated by (A, C, E) control treatment and (B, D, F) fungicide treatment.  Corresponding 
ANOVA models are displayed to the right of each set of plots, assessing the 3-way interaction among soil site, 
fungicide, and an additional variable of interest, and all lower-level terms.  A total of 571 seedlings were included in 
the analysis with no missing data and that germinated and survived until the end of the 45-day survey period.  
Significance codes are as follows: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1. 

 

 

 

 

df	 F	

Soil	Intact	 2	 16.010	 ***	

Soil	Site	 2	 1.672	 NS	

Fungicide	 1	 26.508	 ***	

Soil	Intact	x	Soil	Site	 4	 1.080	 NS	

Soil	Intact	x	Fungicide	 2	 0.032	 NS	

Soil	Site	x	Fungicide	 2	 4.510	 *	

Soil	Intact	x	Soil	Site	x	
Fungicide	

4	 2.946	 *	

df	 F	

Soil	Source	 5	 4.602	 ***	

Soil	Site	 2	 2.530	 .	

Fungicide	 1	 23.143	 ***	

Soil	Source	x	Soil	Site	 10	 4.267	 ***	

Soil	Source		x	
Fungicide	

5	 1.618	 NS	

Soil	Site	x	Fungicide	 2	 2.391	 .	

Soil	Source	x	Soil	Site	
x	Fungicide	

10	 0.945	 NS	

df	 F	

Seed	Source	 5	 11.571	 ***	

Soil	Site	 2	 3.088	 *	

Fungicide	 1	 25.872	 ***	

Seed	Source	x	Soil	Site	 10	 2.564	 **	

Seed	Source		x	
Fungicide	

5	 0.983	 NS	

Soil	Site	x	Fungicide	 2	 2.947	 .	

Seed	Source	x	Soil	Site	
x	Fungicide	

10	 1.222	 NS	
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ABSTRACT 

Natural selection can create a direction change in allele frequencies. In plant populations, 

seedlings with alleles conferring higher fitness in their environments should be favored by 

natural selection and thus more likely to survive. Through next generation sequencing, it is 

possible to detect evidence of natural selection by comparing genotypes of seedlings that survive 

to those that die within different environments. In this study, we tracked survival for Quercus 

douglasii (blue oak) and Quercus kelloggii (black oak) seedlings growing in common gardens 

across different climate zones in California to develop a proof-of-concept method, using these 

species as case studies.  Our goals were to test the hypotheses that 1) the genotypes of seedlings 

that survive are significantly differentiated from those that die in different common gardens, 2) 

selection operates more strongly at distant than local sites.  Using a genomic sub-sampling 

approach (genotyping-by-sequencing, GBS), we identified 13,922 and 7,529 SNPs in Q. 

douglasii and Q. kelloggii, respectively.  Multivariate analysis detected moderate differentiation 

among survival groups in both species using the full panel of SNPs.  The top 1% of SNPs 

associated with survival identified through outlier analysis showed strong differentiation between 

groups in a pattern that was stronger for distant relative to local sites.  We further identified 31 

outliers SNPs associated with survival that play roles in gene regulation, cell growth, and 

response to stressors.  This study illustrates how direct evidence of selection can be detected by 

assessing temporal directional changes in allele frequencies in natural plant populations. 
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INTRODUCTION 

 A fundamental topic in plant ecology is the evolution of local adaptation, a process by 

which natural selection associated with the local environment shapes the phenotypic and genetic 

composition of a population with the effect of maximizing survival and reproduction (Kawecki 

& Ebert, 2004).  For long-lived tree species, selection takes place over the extended life span of 

an individual, favoring individuals with high fitness in their environments over time.  However, 

the first year of a seedling’s life is an especially critical phase in the life cycle of a tree that may 

be subject to intense selective pressure, imposing bottlenecks on survival (Schupp, 1995).  The 

classic experiments of Clausen, Keck, and Hiesey (1947) demonstrate that individuals grow best 

in their native environments and that they outperform conspecifics originating from other 

localities (Clausen et al., 1947).  Since their work, a long history of reciprocal transplant 

experiments of plant pairs from different environments has shown that plants often perform 

better in local relative to non-native environments (Waser & Price, 1985; Sork et al., 1993; Hall 

& Willis, 2006; Leimu & Fischer, 2008; Hereford, 2009; Ågren & Schemske, 2012).  Thus, 

selection can be expected to act more strongly against individuals planted in ‘away’ relative to 

‘home’ environments.  However, it is less clear how strongly and quickly selection operates on 

variable genotypes within these site types, and thus how feasible it is to detect evidence of 

selection.  Understanding how selection operates on individuals in their existing and novel 

environments will be especially important as the climate changes.  Large populations with high 

levels of standing genetic variation may be more likely to adapt and persist under changing 

conditions (Aitken et al., 2008). 

 Theoretical and empirical work suggests that it may be possible to detect selection over 

short time scales.  If selection is strong and there is sufficient genetic variation within a 



	 67	

population, adaptation to the environment should occur quickly (Hendry & Kinnison, 1999; 

Hereford, 2009).  Changes in flowering time have been documented to occur within decades 

(Fitter & Fitter, 2002) or as little as a few generations (Franks et al., 2007), as a result of 

selection by increasing temperatures and drought stress due to climate change.  At the genetic 

level, a classic indication of selection is directional change in allele frequencies.  Artificial 

selection experiments in maize showed substantial evolutionary change in allele frequencies after 

10 to 12 selection cycles (Stuber et al., 1980; Labate et al., 1999).  In a natural population of 

Brassica rapa, Franks et al. (2016) found changes in allele frequencies between ancestral and 

descendent populations separated by seven years and a multi-year drought.  Genes with altered 

allele frequencies were involved in drought response and flowering time, indicating an adaptive 

response to selection pressure (Franks et al., 2016).  When testing for selection, it is important to 

distinguish the effects of genetic drift, which can also create a nonrandom change in allele 

frequencies.  Finding shifts in the allele frequencies of genes that play known roles in response to 

the selection pressure in question is one indicator that selection, rather than genetic drift alone, 

may be operating (Franks et al., 2016).  Further evidence for selection over drift includes greater 

changes in allele frequencies at functional over neutral sites (Coop et al., 2009) or greater 

changes in allele frequencies than expected under genetic drift for a given demographic history 

(Mathieson et al., 2015). 

 To detect evidence of selection, next generation sequencing tools can be used to easily 

obtain a large number of variants for non-model species (Stapley et al., 2010).  Genotyping-by-

sequencing (GBS) is a simple, economical, restriction enzyme-based approach similar to RAD-

Seq (Baird et al., 2008) that randomly samples loci across the genome, including both genic and 

intergenic regions (Elshire et al., 2011).  Reads from multiple individuals can be aligned against 
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a reference genome or assembled de novo as a means to call single nucleotide polymorphisms 

(SNPs) for population genomic analysis.  We propose a multi-step approach that utilizes GBS 

data to test for selection in natural plant populations.  The first step involves summarizing SNP 

data into multivariate genotypes to detect patterns of genetic differentiation (Jombart et al., 

2010) between seedling groups that ultimately survive or die within a population.  The 

accumulation of small effects across the genome can result in associations with variables of 

interest (here, survival), indicative of selection on whole genotypes (Smouse & Williams, 1982).  

The second step combines the use of association tests (Kang et al., 2010) and multivariate 

loadings to detect influential SNPs that may be facilitating adaptive evolution and thus driving 

patterns of genetic differentiation.  

 We introduce an approach using GBS to test for evidence of selection in natural plant 

populations by assessing multivariate genotypes for divergence among groups and by identifying 

influential SNPs associated with survival.  As a proof-of-concept, we implement the method in 

two ecologically important species of oaks in California, Quercus douglasii Hook. and Arn. 

(blue oak) and Quercus kelloggii Newb. (black oak).  Our overarching goal is to determine 

whether we can detect evidence of selection over a single generation in seedlings of these long-

lived species.  We employ a preliminary test of the following specific hypotheses: 1) Living and 

dying seedlings will show a signature of natural selection as evidenced by genetic divergence at 

multivariate genotypes, 2) selection operates more strongly at ‘away’ sites than ‘home’ sites, and 

that the signature of selection increases over time.  Finally, we identify influential SNPs that may 

be driving patterns of adaptive divergence and end by providing suggestions to determine 

whether signatures may be indicative of natural selection, rather than genetic drift alone. 
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METHODS 

STUDY SPECIES—We selected two oak species as case studies to test selection: Quercus 

douglasii Sect. Quercus (blue oak) and Quercus kelloggii Sect. Lobatae (black oak).  Both 

species are distributed broadly within California around the Great Central Valley, but Q. 

douglasii occurs at lower elevations in the foothills while Q. kelloggii occurs at higher elevations 

in montane landscapes.  Both species are able to withstand drought (Davis et al., 2016) and Q. 

douglasii may be especially drought tolerant, clustering phylogenetically among the drought 

tolerant scrub oaks (Kim et al. submitted, Fitz-Gibbon et al. in press).  However, their 

distributions are predicted to change with warming climate (Kueppers et al., 2005; Davis et al., 

2016), and thus they may be under selection by changing environmental conditions.   

 

SAMPLE COLLECTION FROM COMMON GARDENS—We selected four common gardens for study 

that are a subset of 24 common gardens distributed across four localities in the southern Sierra 

Nevada and western Tehachapi Mountains in southern California (Davis et al., 2016).  The 24 

gardens were situated along different aspects of the terrain in order to capture various 

topoclimates, or climates associated with fine-scale topographic variation.  The four common 

gardens utilized in this study are located in the eastern part of California in the Sierra Nevada 

and Tehachapi Ranges (Fig. 3-1), including the Teakettle Experimental Forest (N 36°57ʹ, W 

119°01ʹ, Sierra Montane region, garden SM2), the Tejon Ranch Foothills (N 34°59ʹ, W 118°43ʹ, 

Tejon Foothills, garden TF4), and the Tejon Ranch Uplands (N 34°58ʹ, W 118°35ʹ and N 34°58ʹ, 

W 118°34ʹ, Tejon Montane region, gardens TM3 and TM4, respectively).  Of the four gardens, 

garden SM2 is the highest in elevation, TF4 is the lowest, and gardens TM3 and TM4 are 

intermediate in elevation (Table 3-1).  As such, garden SM2 is characterized by a cooler, wetter  
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FIGURE 3-1.  Location of collecting sites and common gardens in Southern California. CS1 = Collecting Site 1, CS2 
= Collecting Site 2, SM2= Sierra Montane Common Garden 2, TF4 = Tejone Foothills Common Garden 4, TM3 = 
Tejone Montane Common Garden 3, TM4 = Tejone Montane Common Garden 4.  Pink dots represent Quercus 
douglasii sites and green dots represent Q. kelloggii sites. 

 

climate while the other three gardens are warmer and drier (Table 3-1).  Varying aspects (north-

facing, south-facing, valley) may further contribute to differentiation in climate.  Vegetation and 

soil characteristics at each locality are further described in (Davis et al., 2016).  Each garden 

measured 5 m × 5 m and had a gated enclosure to exclude rodents and ungulates. 

 In October of 2012, Q. douglasii and Q. kelloggii acorns were harvested from more than 

15 trees per species at collection sites in the Tehachapi Foothills and Tehachapi Mountains, 

respectively. Acorns were rinsed in an 8:1 water:bleach solution, dried, and stored in plastic bags 

with perlite at 3 – 4°C until planting.  Acorns were planted into common gardens in October and 

November 2012 and emergence occurred the following spring.  In mid-July of 2013, leaf tissue  
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TABLE 3-1.  Site characteristics for oak common gardens. Collection site and garden ID are abbreviated as follows: SM = Sierra Montane, TF = Tejone Foothills, 
TM = Tejon Montane.  MAP = Mean annual precipitation. 

Species Collection 
Site 

Planting Site / 
Garden ID  

Planting Site 
Coordinates 

Site Type Aspect Elevation (m) MAP (mm) Max June 2m 
Temp (°C) 

Max June Surface 
5cm Temp (°C) 

Q. douglasii TF Teakettle 
Experimental 
Forest / SM2 

N 36°57ʹ 

W 119°01ʹ 

Away South 2048 ~1000 20.77 36.01 

Q. douglasii TF Tejon Ranch 
Foothills / TF4 

N 34°59ʹ 

W 118°43ʹ 

Home North 799 ~400 28.50 40.29 

Q. kelloggii TM Tejon Ranch 
Uplands / TM3 

N 34°58ʹ 

W 118°35ʹ 

Home Valley 1581 ~525 25.19 44.07 

Q. kelloggii TM Tejon Ranch 
Uplands / TM4 

N 34°58ʹ 

W 118°34ʹ 

Home North 1607 ~525 23.49 37.61 
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was collected from young seedlings and was transported to UCLA where it was stored at -80°C 

until further use.  Survival status was recorded in Fall 2013, Summer 2014, and Fall 2014. 

 We selected 48 samples for genomic analysis, comprising 24 samples each per Q. 

douglasii and Q. kelloggii.  Samples for each species were split across two common gardens, 

such that 12 samples were collected per each of four gardens.  We selected the four common 

gardens described above because they had intermediate survival by Fall 2013, whereas other 

gardens had complete survival or mortality which would not allow a test of allele frequency 

change over time.  Furthermore, we sampled plots within common gardens that were 

individually caged to further exclude small herbivores, so that we would limit our analysis to 

selection by the environment. The sampling scheme of acorn collection site by common garden 

planting site thus resulted in an ‘away’ (SM2C) and a ‘home’ (TF4C) site for Q. douglasii and 

two ‘home’ (TM3C, TM4C) sites for Q. kelloggii (Table 3-1, Fig. 3-1).  

 

DNA ISOLATION AND LIBRARY PREPARATION—DNA was isolated from the 48 leaf tissue 

samples.  First, to remove polyphenolics, a pre-wash step was implemented according to (Elshire 

et al., 2011), with several modifications.  Approximately 50 mg leaf tissue was frozen in a -80º C 

freezer in 2 mL grinding tubes with two metal beads, after which tubes were placed in bead mill 

adapters flash frozen in liquid nitrogen.  Tissue samples were ground for 1 min 30 sec at 30 Hz, 

followed by another 20 seconds with pre-wash buffer.  Tubes were spun for 10 min at 10,000 

rpm and supernatant was removed.  Second, the tissue pellet underwent DNA isolation using a 

DNeasy Plant Mini Kit following the manufacturer’s protocol (QIAGEN, Germantown, MD).  

Samples were quantified via a Qubit dsDNA BR assay kit (Thermo Fisher Scientific, Waltham, 

MA). 
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 Genotyping-by-sequencing (GBS) libraries were prepared according to (Elshire et al., 

2011) with a few modifications developed in the Sork lab at UCLA.  Briefly, DNA for each of 

the 48 samples was digested with ApeKI, a 5-base cutter (GCWGC).  Digested DNA was then 

barcoded with 48 adapters ranging in size from 5 – 8 bp (Table 3-S1).  Adapters of different 

sizes were distributed across seedlings of different common gardens and survival status to avoid 

bias.  Barcoded samples were then pooled in equimolar ratios, split into 2 equal aliquots, and 

each aliquot was cleaned with a QIAQuick PCR Purification Kit (QIAGEN, Germantown, MD) 

according to the manufacturer protocol.  A size selection step using AMPure beads (Beckman 

Coulter Life Sciences, Indianapolis, IN) was added to isolate fragments in the 200 – 500 bp 

fragment range for each aliquot.  Fragment isolation was achieved through a 1:0.6 sample:bead 

size selection step, followed by a 1:1 sample:bead selection step, ending in a total dilution of 50 

µL for each aliquot (thus size-selected libraries were at approximately 50% the concentration 

used in Elshire et al. 2011).  Four 50 µL PCR amplification reactions were carried out following 

(Elshire et al., 2011) with the exception that twice the amount of the size-selected DNA library 

(4 µL total, including 2 µL from each aliquot) was added to the PCR reaction to accommodate 

the 50% concentration, and 16 PCR cycles were carried out rather than 18.  The four PCR-

amplified libraries were concentrated in a QIAQuick column as above, to a final elution volume 

of 100 µL.  To remove primer dimers, the AMPure bead size selection step was repeated as 

before.  The final library was quantified via a Qubit dsDNA BR assay kit and fragment sizes and 

quality were checked on a 2100 Bioanalyzer using a High Sensitivity DNA Assay Kit (Agilent 

Technologies, Santa Clara, CA).  Median fragment size was approximately 320 bp.  The GBS 

library was underwent single-end 100 bp sequencing on one lane of an Illumina HiSeq2000 at 

the Broad Stem Cell Research Center at UCLA.   
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READ PROCESSING AND SEQUENCE ALIGNMENT—Raw sequence data was concatenated into a 

single file and converted from qseq to fastq format.  Reads were then de-multiplexed by barcode 

using the ‘Process Radtags’ function in STACKS (Catchen et al., 2013) with the following 

settings: reads with uncalled bases and low quality scores below Phred 20 were removed, 

common adapters were filtered allowing two mismatches for adapter recognition, and no barcode 

mismatches were allowed.  Filtered, de-multiplexed reads were mapped to the Quercus lobata 

reference genome (v 0.5) (Sork et al., 2016a) using the aligner, BWA-MEM v.0.7.10 5with 

default settings.  BWA-MEM is a component of BWA and is an ideal alignment tool for 

downstream variant calling.  The Q. lobata reference genome (v0.5) is a reduced version of the 

1.17 Gb assembly (v1.0) in which duplicate haplotypes are removed, improving the ability to call 

variants.  Mapped reads were converted from SAM to BAM format, sorted, and indexed with 

SAMTOOLS v0.1.19 (Li et al., 2009).  Depth of coverage across the reference genome and 

mapped regions was estimated with the ‘depth’ function in SAMTOOLS. 

 

VARIANT CALLING—Single nucleotide polymorphisms (SNPs) were called with the GENOMIC 

ANALYSIS TOOLKIT (GATK) v3.3 (McKenna et al., 2010) according to the developer’s best 

practice guidelines (Van der Auwera et al., 2013).  Variants were called separately for Q. 

douglasii and Q. kelloggii with the ‘HaplotypeCaller’ function, which identifies SNPs and indels 

by implementing a de novo assembly of potentially variable regions.  Potential haplotypes are 

identified as paths in the De Bruijn assembly, and haplotype likelihoods and allele likelihoods 

are calculated given the read data, ultimately allowing genotype likelihoods per sample to be 

computed via Bayes’ rule and genotypes to be assigned.  Recommended emission confidence 

and calling confidence thresholds (10 and 30, respectively) were used, along with a minimum 
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pruning of 3 and ploidy of 2.  SNPs and indels were then separated, and only SNPs were used for 

downstream analyses.  After plotting the distribution of various quality metrics in R v.3.3.0 (R 

Core Team, 2017), the following hard filters were implemented: Quality by depth (QD) < 23.0, 

Fisher Strand (FS) > 20.0, Mapping Quality Rank Sum (MQRS) < -10.0, and Read Position 

Rank Sum (RPRS) < -8.0.  It was not possible to implement Variant Quality Score Recalibration 

(VQSR) due to lack of known variants in Q. douglasii and Q. kelloggii.  SNPs were further 

processed in VCFTOOLS v.0.1.14 (Danecek et al., 2011) with the following filters to produce the 

final VCF file: remove GATK-filtered variants, minor allele frequency (MAF) = 0.05, minimum 

mean depth = 3, and maximum missing genotype count = 3.  A subset of the final panel of 

filtered SNPs (3 SNPs per each of 7 scaffolds in 3 individuals per garden per species) were 

checked in INTEGRATIVE GENOMICS VIEWER (IGV) v.2.3.60 (Thorvaldsdottir et al., 2013). 

 

MULTIVARIATE ANALYSIS AND ASSOCIATION TESTS—To test whether there is genetic 

differentiation between seedlings that live and die, we conducted a multivariate analysis 

summing the effects across all SNPs.  First, genetic differentiation was assessed through 

discriminant analysis of principal components (DAPC) using the ADEGENET v.2.0.1 package 

(Jombart, 2008; Jombart et al., 2010) in the R v.3.3.0 environment (R Core Team, 2017).  DAPC 

is a multivariate approach that finds genetic divergence among groups by computing a model 

that maximizes between-group genetic variation while minimizing within-group variation.  It is 

specially adapted to work with large genomic datasets by first reducing genetic variants into 

principal components (PCs), ensuring that variants are both un-correlated and fewer than the 

number of observations.  It then implements discriminant analysis to find maximum separation 

between groups and produces a probability for correctly assigning individuals to groups.  The 
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number of PCs retained in the analysis is critical, as too few PCs will under-power the ability of 

the model to detect genetic differentiation while selecting too many PCs will over-fit the model, 

leading to falsely high predictability for any combination of groups.  We selected n/3 PCs, where 

n is the number of individuals in each sample, such that 4 PCs were retained for Q. douglasii for 

each garden and 8 PCs were retained for the two combined gardens for Q. kelloggii (see below 

for description of sample partitioning by garden).  Second, to determine whether groups were 

significantly genetically differentiated, canonical discriminant analysis was implemented using 

the CANDISC v0.7.2 R package (Friendly & Fox, 2016).  The same PCs analyzed in DAPC were 

entered as outcome variables in the analysis and the canonical correlation that maximized 

correlations between multiple PCs and survival status group was found.  Significance was 

determined through a Type II MANOVA test with Wilk’s test statistic. 

 To test whether any individual SNPs may be driving genetic differentiation, we 

conducted an association test with survival status using the linear mixed model approach 

PYLMM v.0.99.  Similar to EMMAX (Kang et al., 2010), PYLMM corrects for hidden 

population structure and kinship before implementing an association test.  Given that seedlings in 

our study were sampled from a limited set of maternal trees, accounting for relatedness is 

important.  Despite the advantage of correcting for structure and kinship to minimize false 

positives, association tests may still be subject to a high rate of false negatives.  Consequently, 

we considered a SNP-survival association to be potentially influential if 1) the SNP fell within 

the top 1% of associations called by PYLMM and 2) the SNP fell within the top 1% of loadings 

for discriminant function 1 found by DAPC in the multivariate analysis.  To elucidate the 

cumulative effects of the top 1% of SNPs found in the PYLMM analysis for each species, we 

reran DAPC and canonical discriminant analysis with this subset to detect whether there was 
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clear differentiation between seedlings that in the ‘lived’ or ‘died’ groups.  Only PC1 and PC2 

were entered in the analysis, which captured a large proportion of the variation. 

 For both multivariate and association analyses, Q. douglasii and Q. kelloggii datasets 

were analyzed separately.  The Q. douglasii dataset was further subdivided into a ‘home’ (garden 

TF4C) and an ‘away’ (garden SM2C) dataset (Table 3-1), since gardens differed in whether they 

were proximate to the acorn collection site (n = 12 per garden).  The Q. kelloggii dataset was 

analyzed as a single dataset since both gardens (TM3C, TM4C) were ‘home’ gardens planted in 

locations near the collection site (n = 24, Table 3-1).  This experimental design allowed us to test 

the hypothesis that selection acts more strongly at ‘away’ sites than ‘home’ sites where seedlings 

may be locally adapted.  Q. douglasii gardens were only analyzed in October 2013, due to a tree 

fall in SM2C by the next sampling point and little change in survival followed by complete die-

off across the next two sampling points in TF4C (Table 3-2).  The Q. kelloggii dataset was 

analyzed in August 2013, October 2013, and October 2014, sampling points between which there 

was a modest to substantial change in survival (Table 3-2).  This allowed us to test whether 

genetic differentiation among living and dying seedlings increases over time.  Thus, we were 

able to test the effects of distance from maternal site in Q. douglasii and the effects of time in Q. 

kelloggii on the ability to detect selection. 

 

RESULTS 

READ PROCESSING AND VARIANT CALLING—We obtained high mapping quality and depth of 

coverage for the 48 seedling samples sequenced across four lanes.  Approximately 60.5% of the 

original 223,115,531 raw reads remained after demultiplexing and quality filtering, with 69.1 M 

reads for Q. douglasii (0.48 – 8.35 M reads per sample) and 65.8 M reads for Q. kelloggii (1.27 –   
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TABLE 3-2.  Summary of survival of Q. douglasii and Q. kelloggii seedlings planted across different common 
gardens and over various sampling points in time.  Counts are restricted to only those seedlings that were sequenced.  
Initial counts in July 13 reflect the tissue sampling date. 

Species Garden Initial Counts, 
July 2013 

Survival Counts, 
Aug 2013 

Survival Counts, 
Oct 2013 

Survival Counts, 
Oct 2014 

Q. douglasii SM2C 12 -- 9 -- 

Q. douglasii TF4C 12 -- 7 -- 

Q. kelloggii TM3C, TM4C 24 16 12 4 

 

TABLE 3-3.  Summary of read counts and coverage across samples following sequence alignment. 

Category Q. douglasii Q. kelloggii 

Total number of raw reads -- -- 

Total number of reads after demultiplexing/ filtering 69,140,646 65,758,136 

Range of reads per sample after demultiplexing/ 
filtering 

479,712 – 8,354,887 1,268,199 – 4,875,817 

Total number of reads mapped uniquely 64,817,761 56,568,684 

Average number of reads mapped uniquely per sample 460,177 – 7,781,175 1,119,558 – 4,305,922 

Average sample coverage of uniquely mapped regions 15.52× 14.26× 

Range of average sample coverage of uniquely mapped 
regions 

6.21× – 33.80× 9.04× – 25.36× 

 

4.88 M reads per sample; Table 3-3).  Despite mapping to the reference genome of another 

species (Q. lobata), mapping rate for uniquely mapped reads was relatively high for both species: 

64.8 M reads (93.7% mapping rate) for Q. douglasii (0.46 – 7.78 M reads per sample) and 56.6 

M reads (86.0% mapping rate) for Q. kelloggii (1.12 M – 4.31 M reads per sample; Table 3-3).  

A lower mapping rate was expected for the red oak, Q. kelloggii, which is more distantly related 

to Q. lobata than Q. douglasii, that latter two of which are white oaks.  Average coverage per 
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sample of uniquely mapped reads was 15.52× (6.21x – 33.80×) for Q. douglasii and 14.26× 

(9.04× – 25.36×) for Q. kellogii. 

 After multiple filtering steps, we were able to obtain a high quality set of SNPs in both 

species for genomic analysis.  Initial variant calling with GATK isolated a set of 408 K and 398 

K raw SNPs in Q. douglasii and Q. kellogii, respectively (Table 3-4).  Filtering by multiple 

quality metrics in GATK, particularly Quality by Depth, reduced this set by approximately half 

(218 K and 253 K in the two species).  In order to obtain a set of SNPs appropriate for 

population genetic analysis, SNPs were further filtered in VCFTOOLS, requiring a MAF ≥ 0.05, a 

minimum mean depth of 3, and a maximum of 3 missing genotypes.  This resulted in 13,922 

SNPs for Q. douglasii and 7,529 SNPs for Q. kelloggii (Table 3-4).  At each step of the filtering 

process, the percentage of the total SNPs represented by each sample increased (mean SNPs per 

sample / total SNPs) and the depth of coverage per sample increased markedly for the final set of 

SNPs (Table 3-4).  The high coverage and call rate across samples provides an optimal set of 

SNPs for multivariate analysis and SNP-survival association tests. 

 

TABLE 3-4.  Summary of SNP counts, mean SNPs per sample, and mean depth per sample during multiple steps of 
the filtering process for Q. douglasii and Q. kelloggii. 

Quercus douglasii Quercus kelloggii Step 

Total SNPs Mean SNPs 
per Sample 

Mean 
Depth per 
Sample 

Total SNPs Mean SNPs 
per Sample 

Mean 
Depth per 
Sample 

Initial variant calling 408,086 208,069 16.5× 398,015 202,641 14.3× 

Filtering in GATK 217,807 94,894 12.8× 253,211 125,493 13.2× 

Filtering in VCFTOOLS 13,922 13,706 24.7× 7,529 7,443 22.5× 

 

 



	 80	

MULTIVARIATE ANALYSIS—One of our main goals was to test the hypothesis that selection acts 

more strongly at ‘away’ sites than ‘home’ sites.  This is based on the prediction that seedlings are 

locally adapted to the maternal environment.  Supporting our hypothesis, there was clear 

differentiation in multivariate genotypes between living and dying seedlings at the ‘away’ site 

(garden SM2C) for Q. douglasii for discriminant function 1 (Fig. 3-2A).  Seedlings belonging to 

the ‘living’ group made up a smaller proportion of the distribution, near the tail end (Fig. 3-2A).  

The proportion of correctly assigned seedlings was 91.67%, although differentiation was not 

statistically significant, (Table 3-5), potentially due to small sample size.  As predicted, 

differentiation was less pronounced at the ‘home’ site (garden TF4C), with ‘living’ seedlings 

making up a larger proportion of the distribution and ‘dying’ seedlings making up a smaller, 

overlapping subset of the distribution (Fig. 3-2C). Assignment proportion was only 41.67% and 

differentiation was not significant (Table 3-5), although lack of significance may be a result of 

small sample size.   

 Evidence of genetic differentiation was found between multivariate genotypes of ‘living’ 

and ‘dying’ Q. kelloggii seedlings, which were planted in two ‘home’ sites (gardens TM3C, 

TM4C).  Genetic differentiation was apparent at all three time points (Aug 2013, Oct 2013, Oct 

2014) and increased slightly by the final time point (Fig. 3-3A, B, C), consistent with our 

hypothesis that the signature of selection increases over time.  Assignment proportion fluctuated 

from 83.33% to 79.17% to 87.50% over time, though differentiation was not significant at any 

time point (Table 3-5). Patterns of genetic differentiation between ‘living’ and ‘dying’ Q. 

kelloggii seedlings tend to suggest that natural selection operates even at ‘home’ sites, though 

larger sample size beyond 24 seedlings will be required to increase statistical power to determine 

whether selection is indeed operating.  
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TABLE 3-5.  Summary of Type II MANOVA tests for genetic differentiation among ‘living’ and ‘dying’ seedlings by species, garden, and time point.  Principal 
components were entered as the outcome variable and survival status group was the independent variable. 

Species Garden Time SNPs PCs Retained Dfnum Dfdenom F Wilk’s Test 

Statistic 

P-value 

Q. douglasii SM2C Oct 2013 13,922 4 4 7 2.323 0.440 0.167 

   138 2 2 9 680.8 0.00657 1.507e-10 

Q. douglasii TF4C Oct 2013 13,922 4 4 7 0.212 0.892 0.924 

   138 2 2 9 66.573 0.0633 4.044e-06 

Q. kelloggii TM3C, TM4C Aug 2013 7,529 8 8 15 1.359 0.580 0.290 

   75 2 2 21 104.95 0.0909 1.168e-11 

Q. kelloggii TM3C, TM4C Oct 2013 7,529 8 8 15 1.088 0.633 0.421 

   75 2 2 21 132.45 0.0735 1.239e-12 

Q. kelloggii TM3C, TM4C Oct 2014 7,529 8 8 15 0.871 0.683 0.561 

   75 2 2 21 152.82 0.0643 3.059e-13 
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FIGURE 3-2.  Discriminant analysis of principal components (DAPC) showing genetic differentiation among 
seedlings that live or die in Quercus douglasii in the Sierra Montane (SM2C) ‘away’ site  (A, B) and the Tejone 
Foothills (TF4C) ‘home’ site in October 2013 (C, D).  Genetic differentiation results for the complete set of 13,922 
SNPs  are shown in Parts A and C, and for the top 1% of SNPs (n = 138) from PYLMM survival association tests in 
Parts B and D).  The first four PCs were included in the analysis for the full dataset while the first two PCs were 
included in the analysis for the top 1% of SNPs. 
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FIGURE 3-3.  Discriminant analysis of principal components (DAPC) showing genetic differentiation between 
seedlings that live or die in Quercus kelloggii in the Tejone Montane (TM3C, TM4C) ‘home’ sites in August 2013 
(A. B), October 2013 (C, D), and October 2014 (E, F). Genetic differentiation results for the complete set of 7,529 
SNPs are shown in Parts A, C, and E, and for the top 1% of SNPs (n = 75) from PYLMM survival association tests 
in Parts B, D, and F.  The first eight PCs were included in the analysis for the full dataset while the first two PCs 
were included in the analysis for the top 1% of SNPs. 
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ASSOCIATION TESTS—To test whether the outlier SNPs associated with seedling survival may be 

drivers of the differentiation we see across multivariate genotypes, we identified outlier SNPs as 

the overlap between 1) the top 1% of SNPs from the association test with PYLMM (Fig. 3-S1, 

S2), and 2) the top 1% of loadings in discriminant function 1 from DAPC.  When considering 

only traditional association tests with PYLMM, five SNPs were significant (2 each in Q. 

douglasii SM2C and TF4C, 1 in Q. kelloggii in October 2014) after correcting for multiple 

testing (Q-value < 0.05).  Because the effects of selection and relatedness on survival may be 

confounded, association tests correcting for kinship may be overly conservative and suffer a high 

rate of false negatives.  Therefore, we identified the shared SNPs in the top 1% of the 

distribution for both association tests and discriminant function loadings identified 31 potential 

outliers (12 for Q. douglasii SM2C, 12 for Q. kelloggii August 2013, 4 for Q. kelloggii October 

2014).  No outliers were shared among gardens or time points, perhaps reflecting spatially and 

temporally variable selection as well as small sample sizes. 

 Of the 31 outlier SNPs, 15 occurred within known or unknown, but designated protein-

coding regions (Table 3-6).  The remaining 16 SNPs may occur within novel genes or perhaps 

more likely, they may occur within intergenic regions, which is expected by the random genomic 

sub-sampling that characterizes genotyping-by-sequencing.  Genic SNPs were located in genes 

that are largely involved in cell growth, the cell cycle, gene regulation, and responses to stressors 

(Table 3-6).  In Q. douglasii seedlings growing in the ‘away’ garden (SM2C), outlier SNPs were 

located in genes with roles in transcription (TCP family transcription factor), regulation of 

expression of the 18S ribosomal subunit (FKBP-type peptidyl-prolyl cis-trans isomerase), and 

response to abscisic acid (ABA), ethylene, and sodium chloride, key pathways involved in 

drought stress, development, and osmotic stress, respectively (Phosphotyrosyl phosphatase  
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TABLE 3-6.  Annotation of outlier SNPs associated with survival status.  A SNP was considered an outlier if it was shared among the top one percent of SNPs 
with the highest loadings for discriminant function 1 in DAPC and the top one percent of SNPs in the PYLMM association analysis.  Annotations were 
determined by matching SNPs to annotations in the Quercus lobata reference genome (v.1) and reference transcriptome.  Genome IDs are listed where 
transcriptome IDs are not available. 

Contig:SNP Discriminant 
Loading 1 

PyLMM P-
value 

Oak Transcriptome 
or Genome ID 

TAIR 10 ID Pfam ID InterPro ID Gene Name 

Quercus douglasii, Garden SM2C, October 2013 

5:41648842 3.67E-04 2.62E-03 QlobV1.0 C394337 
0000040 

-- -- -- Unknown protein 

8:34040165 3.43E-04 1.81E-03 -- -- -- -- -- 

2:93423635 3.37E-04 3.79E-03 -- -- -- -- -- 

8:44100798 3.17E-04 1.59E-03 -- -- -- -- -- 

7:84513698 3.09E-04 2.59E-03 -- -- -- -- -- 

7:84513703 3.09E-04 2.59E-03 -- -- -- -- -- 

5:40626046 3.00E-04 1.86E-04 m01oak12084cC -- D:PF00254 IPR001179 FKBP43: FKBP-type peptidyl-prolyl 
cis-trans isomerase 

8:58196069 2.94E-04 5.67E-04 m01oak04200cC AT4G08960 F:PF03095 IPR004327 Phosphotyrosyl phosphatase activator 
(PTPA) protein 

2:87605696 2.91E-04 2.02E-04 -- -- -- -- -- 

8:44100823 2.91E-04 4.95E-03 -- -- -- -- -- 

2:99160870 2.71E-04 5.54E-04 -- -- -- -- -- 
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Contig:SNP Discriminant 
Loading 1 

PyLMM P-
value 

Oak Transcriptome 
or Genome ID 

TAIR 10 ID Pfam ID InterPro ID Gene Name 

3:14307272 2.64E-04 1.05E-03 m01oak11612JC AT1G58100 F:PF03634 IPR017887, 
IPR005333 

TCP8: TCP family transcription factor  

  

Quercus douglasii, Garden TF4C, October 2013 

None -- -- -- -- -- -- -- 

  

Quercus kelloggii, Gardens TM3C, TM4C, August 2013 

2:93707633 8.47E-04 8.03E-04 m01oak19828cC -- r:PF00400 IPR001680 WD domain, G-beta repeat; CDC20-1: 
Cell division cycle 20.1%2C cofactor 
of APC complex 

4:73381205 8.15E-04 2.64E-03 m01oak05314CC AT1G71110 -- -- Unknown protein 

4:57026367 7.59E-04 6.36E-03 QlobV1.0 
scaffold428 0000120 

  PF01593 IPR002937 PAO2: Probable polyamine oxidase 2 

5:48154682 7.04E-04 9.30E-04 -- -- -- -- -- 

5:89442704 6.52E-04 5.87E-04 QlobV1.0 
scaffold1203 
0000070 

  PF00082, 
PF02225, 
PF05922 

IPR000209 AIR3: Subtilisin-like protease SBT5.3 

7:34836634 6.35E-04 8.72E-03 QlobV1.0 C381567 
0000010 

-- PF05212 IPR007877 Unknown protein 

7:34836784 6.35E-04 8.72E-03 QlobV1.0 C381567 
0000010 

-- PF05212 IPR007877 Unknown protein 
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Contig:SNP Discriminant 
Loading 1 

PyLMM P-
value 

Oak Transcriptome 
or Genome ID 

TAIR 10 ID Pfam ID InterPro ID Gene Name 

8:15375157 5.60E-04 6.30E-03 -- -- -- -- -- 

8:15376632 5.60E-04 6.30E-03 -- -- -- -- -- 

1:16185138 5.33E-04 5.69E-03 QlobV1.0 
scaffold198 0000140 

At3g12360 PF13637 IPR026961 Ankyrin repeat-containing protein 

2:93707881 5.29E-04 2.73E-03 m01oak19828cC   r:PF00400 IPR001680 WD domain, G-beta repeat; CDC20-1: 
Cell division cycle 20.1%2C cofactor 
of APC complex 

8:23710054 4.82E-04 4.83E-03 -- -- -- -- -- 

  

Quercus kelloggii, Gardens TM3C, TM4C, October 2013 

8:45333598 6.11E-04 3.40E-03 -- -- -- -- -- 

6:83727852 5.24E-04 1.63E-03 QlobV1.0 
scaffold1478 
0000040 

-- PF01301, 
PF02140, 
PF13364 

IPR000922 BGAL16: Beta-galactosidase 16 

4:11482986 5.17E-04 5.02E-03 m01oak13319Ct -- -- IPR006555 RTEL1: Regulator of telomere 
elongation helicase 1 

5:86604550 5.05E-04 1.68E-04 -- -- -- -- -- 
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Contig:SNP Discriminant 
Loading 1 

PyLMM P-
value 

Oak Transcriptome 
or Genome ID 

TAIR 10 ID Pfam ID InterPro ID Gene Name 

Quercus kelloggii, Gardens TM3C, TM4C, October 2014 

6:72490637 6.73E-04 9.44E-03 QlobV1.0 
scaffold12437 
0000010 

-- PF00274 IPR000741 Fructose-bisphosphate aldolase%2C 
cytoplasmic isozyme 1 

3:18712257 5.68E-04 2.40E-03 -- -- -- -- -- 

4:96407513 5.34E-04 4.64E-03 -- -- -- -- -- 
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activator (PTPA) protein).  No outlier SNPs were found for Q. douglasii seedlings growing in 

the ‘home’ garden (TF4C).  For Q. kelloggii seedlings growing in ‘home’ gardens (TM3C, 

TM4C), outlier SNPs occurred in genes involved in cell cycle control (Cell division cycle 

20.1%2C cofactor of APC complex), carbohydrate metabolism (Beta-galactosidase 16), lateral 

root formation and root elongation (Subtilisin-like protease SBT5.3, Fructose-bisphosphate 

aldolase%2C cytoplasmic isozyme 1), and response to wounding or pathogen elicitors (Probable 

polyamine oxidase 2).  Thus, these SNPs may be responsible or may be linked to variants that 

are responsible for adaptation of the seedlings to the environment.  

 

FIGURE 3-4.  Principal components 1 and 2 for the top 1% of SNPs (n = 138) for Quercus douglasii seedlings 
growing in common gardens A) SM2C (‘away’) and B) TF4C (‘home’) in October 2013. 

 

 

TOP 1% OF SNPS PARTITION SEEDLING SURVIVAL GROUPS—The top 1% of SNPs identified by 

PYLMM were clearly differentiated between the ‘living’ and ‘dying’ seedling groups for both Q. 

douglasii (Figs. 2, 4) and Q. kelloggii (Figs. 3, 5).  The top 138 SNPs in Q. douglasii and top 75 

SNPs in Q. kelloggii entered into the DAPC models were able to assign groups with 100% 

A B

B CA
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accuracy for all gardens and time points.  Following expectations, discriminant function plots of 

the first two PCs revealed stronger differentiation between survival groups in the ‘away’ garden 

(SM2C, Fig. 3-2B) than the ‘home’ garden (TF4C, Fig. 3-2D), confirmed by a more significant 

Wilk’s Test (Table 3-5).  Plots of PC1 vs. PC2 showed clear partitioning between groups (Fig. 3-

4), especially for the ‘away’ garden (Fig. 3-4A) for which there was strong clustering of the 

seedlings that survived.  Discriminant function plots of the first two PCs also showed clear 

partitioning between groups of Q. kelloggii seedlings in a pattern that increased with time (Fig. 

3-5).  Increasing differentiation over time was further supported by an increase in the 

significance of the Wilk’s test statistic with sampling time (Table 3-5).  Plots of PC1 vs. PC2 

demonstrated clear separation between seedlings that lived and died across all three time points 

(Fig. 3-5).  Together, these results suggest that selection on a subset of SNPs within the genome 

is stronger at ‘away’ sites than ‘home’ sites and the signal becomes more detecTable 3-over time.  

 

FIGURE 3-5. Principal components 1 and 2 for the top 1% of SNPs (n = 75) for Quercus kelloggii seedlings growing 
in common gardens TM3C and TM4C in A) August 2013 and B) October 2013, and C) October 2014. 

 

A B

B CA
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DISCUSSION 

 Using Quercus douglasii and Q. kelloggii oak seedlings growing in common gardens in 

southern California as case studies, we demonstrate an approach for analyzing genetic data that 

can provide evidence of selection in plant populations, that combines analysis of multivariate 

genotypes to detect genetic differentiation between seedlings that survive and die, and 

association analysis to identify influential SNPs potentially driving adaptive divergence.  We 

found preliminary support that selection may be operating on seedlings within a single 

generation, particularly for seedlings planted in ‘away’ sites relative to ‘home’ sites.  Moreover, 

the signal of differentiation was stronger over time, indicating that directional selection 

continually exerts pressure on seedlings across multiple seasons.  Finally, we identified SNPs 

with functional roles in gene regulation, cell cycle control, cell growth, and response to abiotic 

and biotic stressors that were associated with survival, and these SNPs may thus be under 

selection.   Multivariate analysis of the top 1% of SNPs from the association analysis 

demonstrated clear partitioning between seedlings that survived and died.  This work suggests 

that oaks have the potential to initiate an adaptive genetic response to selection by the 

environment, thus pointing to their evolutionary potential to respond to future climate change, 

and provides a methodological framework for future studies that would address this question 

with larger sample sizes. 

 

RAPID EVOLUTIONARY CHANGE WITHIN A SINGLE SEASON—Our study indicates that selection 

operating on seedlings may be observable over the course of a single season.  Other studies have 

found detectable selection in response to climate change to occur on the scale of decades (Fitter 

& Fitter, 2002) or several years (Franks et al., 2007; 2016) but it may be possible to find 
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evidence of selection within a single generation when using genomic data 1) if the selective force 

is strong enough and 2) if there is sufficient standing genetic variation within the population 

under selection.   

 In our study, it is not possible to identify whether the selective force may be operating on 

our seedling populations is related to abiotic or biotic conditions, or some combination of both.  

For Q. douglasii seedlings planted in the ‘away’ garden (SM2C), seedlings encountered a cooler, 

wetter montane site in the Sierra Mountains than their warmer, drier site of origin in the Tejone 

Foothills (Table 3-1).  SNPs under selection were located in genes involved in transcription, 

translation, and response to hormones involved in drought, growth, and osmotic stress.  These 

findings suggest that movement to a more moderate environment may entail differential 

regulation of genes and proteins and alternate hormonal control of stress responses.  Multivariate 

and outlier analysis suggests that even Q. kelloggii seedlings that were planted in their site of 

origin in the Tejone Ranch Uplands may have been under selection.  Seedlings here encounter 

extremely high maximum surface temperatures during summer months (37.61 to 44.07°C in 

June) and California ecosystems have experienced an increased frequency of extreme drought 

events in recent decades (Diffenbaugh et al., 2015).  Thus it is possible that warming 

temperatures place selective pressure on seedlings even in their native environments.  In support 

of this possibility, two outlier SNPs were located in genes involved in root cell elongation or 

lateral root growth.  Extensive root systems may enhance water uptake under drought conditions 

and oaks are known for responding to drought via deeply branching roots (Abrams, 1990).  

Another outlier SNP occurred in a gene with a putative role in wound or pathogen response.  It is 

widely known that drought stress can compromise a plant’s defense response against pathogens 

(Bréda et al., 2006), and an evolutionary response to drought can even make a plant more 
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susceptible to pathogens (O'Hara et al., 2016).  In our experiment, response to selection was 

suggested through patterns of differentiation shown by multivariate analysis of whole genotypes, 

yet results were not significant.  This could be due to weak selection by the environment or could 

occur if genes under selection have a small effect size on adaptive phenotypes.  It is also possible 

that our sample sizes of 12 and 24 individuals for Q. douglasii and Q. kelloggii, respectively, are 

not large enough to detect a statistical effect of selection.  

 Response to selection over a single generation is also more likely to occur when 

populations harbor a high degree of standing genetic variation.  Quercus lobata (valley oak) 

distributions in California, for example, have remained relatively stable across multiple global 

climate cycles, which is reflected in the high degree of genetic diversity across the species range 

(Gugger et al., 2013; Sork et al., 2016b).  In European oaks, high levels of genetic variation have 

been found in drought candidate genes among populations (Homolka et al., 2012; 2013).  For Q. 

douglasii and Q. kelloggii seedlings that are distributed across heterogeneous environments in 

California and even heterogeneous microsites within a landscape (Davis et al., 2016) it is 

possible that they harbor a high degree of standing genetic variation conducive for responding to 

selection.  

 

DISTINGUISHING NATURAL SELECTION FROM GENETIC DRIFT—Directional change in allele 

frequencies is an indicator of natural selection, although allele frequencies can also shift as a 

result of random genetic drift.  To attribute patterns in the genome to selection over drift, 

multiple approaches could be undertaken.  The first approach, which we have done in this study, 

is to be able to annotate outlier SNPs with functional genes that play a role in response to the 

putative selective agent (Franks et al., 2016).  For example, we found SNPs in genes involved in 
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root growth and abiotic and biotic stress response that may indicate a mechanism for dealing 

with a dry environment.   Second, selection is more probable if the same SNPs are found to 

correlate with survival across multiple cohorts or sites.  While there was no overlap in outlier 

SNPs across the four common gardens in this study, site characteristics varied substantially and 

thus selective pressures may have been spatially heterogeneous.  It is also possible that different 

species have different strategies for coping with environmental stress.  Thus, we recommend 

repeating experiments across multiple cohorts and incorporating replicates of sites with similar 

characteristics into the experimental design.  Third, when using a common garden design to test 

for selection, it is important to implement reciprocal transplants, as recommended for local 

adaptation studies (Kawecki & Ebert, 2004).  Selection over random drift will be supported if 

‘foreign’ individuals shower stronger genetic differentiation between survival groups than ‘local’ 

individuals at a given site, while this pattern is reversed when the same pair of ‘foreign’ and 

‘local’ individuals are planted in the reciprocal site.  Finally, the most compelling evidence for 

selection will occur if the putative SNPs under selection can be linked to specific phenotypic 

differences within and among populations.  Further connecting these phenotypes to differential 

fitness when subjected to selection pressure, either experimentally or across heterogeneous 

environments in the field, further implicates selection rather than drift as the cause of changes in 

allele frequencies. 

 

CONCLUSION 

 This study demonstrates that genomic tools can be used to identify thousands of genetic 

variants and detect changes in allele frequencies associated with evolution through natural 

selection. Here, we illustrate the use of discriminant function analysis of multivariate genotypes 
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combined SNP-survival association tests as an indicator of selection, using two oak species 

planted in common gardens as case studies.  We find preliminary support for selection operating 

within a single generation in these species, with stronger selection at ‘away’ sites than ‘home’ 

sites, and increased selection signals as time progresses.  We further identify a putative set of 31 

outlier SNPs that may be driving genetic differentiation between the populations of seedlings 

that survive versus those that die.  To effectively implement this approach, we advise the use of 

large population sizes, combined with genotype-phenotype association tests, and studies of 

differential fitness of phenotypes across conditions to validate selection rather than genetic drift 

as the mechanism of evolution.
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APPENDIX 

TABLE 3-S1.  List of barcode adapters for the 48 samples.  Adapter of varying lengths were stratified across species 
and survival status.  QUDO = Q. douglasii, QUKE = Q. kelloggii 

Sample Id Adapter  Sample Id Adapter 

QUDO-SM2C-1A AACT  QUKE-TM3C-4B GATC 

QUDO-SM2C-5D ACCGT  QUKE-TM3C-4C CGCTT 

QUDO-SM2C-1E GGTGT  QUKE-TM3C-4E TCGTT 

QUDO-SM2C-2E ATCGTA  QUKE-TM3C-5E CTATTA 

QUDO-SM2C-3D GGTTGT  QUKE-TM3C-2D TTCAGA 

QUDO-SM2C-1C ATTAATT  QUKE-TM3C-1A CTTGCTT 

QUDO-SM2C-3B TAGCGGA  QUKE-TM3C-3A ACAGGGAA 

QUDO-SM2C-5E CGCGGAGA  QUKE-TM3C-1B TAGGCCAT 

QUDO-SM2C-4B AGGC  QUKE-TM3C-5B GTAA 

QUDO-SM2C-4E GTCAA  QUKE-TM3C-1D TTCTC 

QUDO-SM2C-4C GTTGAA  QUKE-TM3C-1C AACGCCT 

QUDO-SM2C-3E TCGAAGA  QUKE-TM3C-5A ACGTGGTA 

QUDO-TF4C-7E AGGAT  QUKE-TM4C-1A CTGTA 

QUDO-TF4C-10B CATCGT  QUKE-TM4C-4E GAGATA 

QUDO-TF4C-10D CATAAGT  QUKE-TM4C-2C GAATTCA 

QUDO-TF4C-8E GCTGTGGA  QUKE-TM4C-2A TCTCAGTC 

QUDO-TF4C-9E CGAT  QUKE-TM4C-1E TGCA 

QUDO-TF4C-8C TACAT  QUKE-TM4C-5E AGTGGA 

QUDO-TF4C-8A TAGGAA  QUKE-TM4C-1C ACGTGTT 

QUDO-TF4C-7A TGCTGGA  QUKE-TM4C-2E CCGGATAT 

QUDO-TF4C-8D CATCT  QUKE-TM4C-1D GCTTA 

QUDO-TF4C-8B CGCGGT  QUKE-TM4C-5A GCTCTA 

QUDO-TF4C-10A CGGTAGA  QUKE-TM4C-4A GGACCTA 

QUDO-TF4C-9D GTGAGGGT  QUKE-TM4C-5C TGGTACGT 
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FIGURE 3-S1.  Manhattan plots displaying SNP-survival associations across eight contigs for Q. douglasii seedlings 
in October 2013 in A) an ‘away’ site (garden SM2C) and B) a ‘home’ site (garden TF4C).  SNP P-values were 
determined in PYLMM and are expressed as –log10(P).  The blue threshold line corresponds to –log10(1e-05) while 
the red line corresponds to –log10(5e-08).  Green points indicate the top 100 SNPs.  

A

B
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FIGURE 3-S2. Manhattan plots displaying SNP-survival associations across eight contigs for Q. kelloggii seedlings in 
‘home’ gardens (TM3C, TM4C) in A) August 2013, B) October 2013, and C) October 2014.  SNP P-values were 
determined in PYLMM and are expressed as –log10(P).  The blue threshold line corresponds to –log10(1e-05) while 
the red line corresponds to –log10(5e-08).  Green points indicate the top 100 SNPs.  
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ABSTRACT 

A key challenge for all plant species is the ability to respond to changing environmental 

conditions, of which drought is an increasingly common stress.  To cope with drought, some 

plants will be able to respond immediately through phenotypic plasticity.  These plastic 

responses may either be shared among individuals, representing conserved responses for dealing 

with water stress, or may vary among individuals, providing adaptive potential to respond to 

changing conditions.  Using gene expression as a measure of phenotypic plasticity, we employed 

RNA-Seq to characterize genome-wide transcriptional profiles of Quercus douglasii (blue oak) 

seedlings collected from a population in the Sierra Nevada foothills in California. In the 

greenhouse, we subjected 24 seedlings from six maternal families to either a control or drought 

treatment and prepared RNA-Seq libraries from leaf tissue collected before and after each 

treatment (48 libraries total).  Our goals were 1) to identify genes involved in shared plastic 

response to water deficit and 2) to test whether gene expression varies across maternal families 

within a population that would provide an opportunity for selection. Differential expression 

analysis of 14,673 mRNA features (hereafter genes) revealed 1,322 genes (approximately 9%) 

uniquely expressed in response to water stress.  Of these, 617 up-regulated genes were enriched 

for nuclear transport and reproduction-related gene ontology terms, while 705 down-regulated 

genes were involved in meristem growth and development, transferase activity, and the 

endomembrane system.  We found 70 genes that varied among Q. douglasii maternal families, 

with roles in gene regulation, photosynthesis, and energy metabolism, processes that are known 

to respond to drought stress in other species, providing variation on which selection can act.  

This study provides evidence of both phenotypic plasticity in drought response for many genes 

as well as variation in gene expression within a single population that creates the potential for an 

adaptive response to drought in the future.
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INTRODUCTION 

 As temperatures increase and precipitation declines with changing climate, drought poses 

a significant risk for plant species globally (Dai, 2012; Franks et al., 2013).  For tree species, 

drought can increase vulnerability to cavitation (disruption of the water column in xylem vessels 

that leads to hydraulic failure), decrease carbon assimilation and cellular metabolism, and 

increase susceptibility to other stresses such as disease, ultimately making trees more prone to 

mortality (Bréda et al., 2006; McDowell et al., 2008; Adams et al., 2009; Allen et al., 2010).  

Large-scale regional die-offs due to drought have already been documented for many tree 

species (Breshears et al., 2005; Bréda et al., 2006; van Mantgem & Stephenson, 2007; 

McDowell et al., 2008; Adams et al., 2009; van Mantgem et al., 2009; Allen et al., 2010; Peng et 

al., 2011).  However, trees may be able to avert drought-driven mortality by responding 

physiologically through phenotypic plasticity, by migrating to regions with suitable climate, or 

by the evolution of local adaptation to new conditions (Aitken et al., 2008; Franks et al., 2013).  

The potential for adaptation to a drying climate may depend, in part, on the degree of 

environmental change (i.e. selective pressure), standing genetic variation, and phenotypic 

plasticity within populations (Aitken et al., 2008; Franks et al., 2013).  Studies assessing the 

potential responses of natural tree populations to drought stress are thus critical for predicting 

future outcomes for these populations and for effective management. 

 A useful first step in understanding drought response in natural populations is to deploy 

RNA-Seq, which can identify genes that are differentially expressed between entire 

transcriptomes of well-watered control and water-stressed plants (Qiu et al., 2011; Thumma et 

al., 2012; Long et al., 2014; Li et al., 2015; Ma et al., 2015; Li et al., 2016).  Because the ability 

of tree populations to respond to drought will depend, in part, on their level of standing 
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phenotypic variation (Aitken et al., 2008), it will be important to assess the extent to which 

drought expression responses are shared among all individuals or are variable within a 

population. While shared expression patterns across individuals may represent conserved, 

adaptive responses to drought stress shaped by past selection (Marais et al., 2012; 2013; Lasky et 

al., 2014), variable expression within a population provides the opportunity for selection to act.  

If directional selection acts on beneficial plastic responses, it could ultimately translate into an 

adaptive, constitutive response (Ghalambor et al., 2007).  RNA-Seq has been successfully 

employed to identify shared and variable transcriptome profiles among accessions of 

Arabidopsis (Clauw et al., 2015), crops (Shin, 2015; Fracasso et al., 2016), and genotypes or 

populations of natural plant species (Pucholt et al., 2015; Akman et al., 2015; Gugger et al., 

2016), where accession-specific profiles may underlie local adaptation (Marais et al., 2012; 

Lasky et al., 2014).  However, little attention has been paid to assess variation within a 

population, where high standing variation in gene expression may facilitate adaptation to novel 

climate conditions. 

 Here, we aim to characterize the genes involved in drought responses that are shared and 

those that are variable among different maternal families within a population of the California 

blue oak, Quercus douglasii Hook & Arn.  Q. douglasii is endemic to California and occurs 

below 1500 m in oak woodland and savannah along the inner coast and in the foothills 

surrounding the Great Central Valley (Griffin & Critchfield, 1972; Baker et al., 1981).  It is 

considered a drought-tolerant oak tree species, with various adaptations to withstand water 

shortage.  Interestingly, recent phylogenetic analysis of 75K RAD-Seq loci showed Q. douglasii 

to cluster among the drought tolerant scrub oaks (Kim et al. submitted, Fitz-Gibbon et al. in 

press), perhaps explaining its ability to withstand drought conditions. It is drought deciduous, 
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losing its leaves when water is limiting (Griffin, 1973), with little short-term effect on tree 

growth and survival (McCreary, 1990).  Under drought stress, oaks in general maintain some 

level of stomatal conductance to continue photosynthesis and thus carbon fixation (Dickson & 

Tomlinson, 1996).  In Q. douglasii, leaves exhibit high leaf mass per area and high nitrogen 

concentrations that may facilitate elevated photosynthetic rates under drought stress, which were 

30% higher than rates published for other Quercus species in one study (Xu & Baldocchi, 2003).  

Q. douglasii exhibits low daytime xylem water potential, which varies substantially among 

individuals within populations (Johannes et al., 1994).  This species also exhibits substantial 

within-population variation for plant size, stomatal conductance, and leaf transpiration efficiency 

(Matzner et al., 2001).  Together, these results suggest that Q. douglasii populations are likely to 

contain sufficient genetic variation for drought response that would make them an interesting 

case study for assessing gene expression variation with water deficit.   

 With increasing drought risk in California (Diffenbaugh et al., 2015), the ranges of many 

plant species are expected to contract (Loarie et al., 2008).  Ideal conditions for the establishment 

of Q. douglasii seedlings are expected to decline over the next century (Davis et al., 2016), with 

suitable habitat for the species potentially downsizing to 59% of its current range (Kueppers et 

al., 2005).  Investigating the molecular response to drought stress among maternal families 

within a population is a first step to understanding whether and how Q. douglasii will be able to 

cope with changing climate.  Furthermore, because Q. douglasii is a drought tolerant species, this 

study presents an excellent opportunity to identify genes that may contribute to drought tolerance 

and to test the potential for selection on genetic variation within populations.  We explore 

phenotypic plasticity as indicated by differential gene expression among seedlings from six 

maternal families exposed to water deficit or control conditions in the greenhouse to ask: 1) To 
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what extent are gene expression responses shared among maternal families in response to 

drought stress, indicative of past selection (plastic response to the environment)? 2) What genes 

are variably expressed among maternal families, reflecting adaptive potential to future drought 

conditions (genotype × environment interaction)?  Finally, we further explore what genes are 

differentially expressed at baseline, which could reflect genetic differentiation among families. 

 

METHODS 

SAMPLING AND GREENHOUSE DESIGN—In October 2013, acorns were sampled from 10 

Quercus douglasii trees at a single site in the Sierra Foothills in California (Fig. 4-1).  All trees 

were located within an area of approximately 1 km2 and were spaced at least 40 m apart.  Acorns 

were transported to UCLA where they were stored at 4°C in plastic bags with perlite.  By 

February 9, 2014, many acorns had begun to sprout roots and were surface sterilized in 

preparation for planting (3-minute wash in 3% bleach solution, water rinse, 5-minute wash in 

FIGURE 4- 1. Map of six 
maternal Quercus douglasii 
source trees whose seedlings 
provided tissue for the RNA-Seq 
analysis.  Maternal trees were 
located at a single site in the 
Sierra Nevada Foothills in 
California. 
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water, water rinse).  Acorns were stored for a further 5 days at 4°C in unsealed plastic bags with 

damp paper towels.  The largest acorns per maternal tree were selected and scrubbed with a 

toothbrush in a light bleach solution and washed several times with water to remove any surface 

mold. These acorns were returned to storage at 4°C as above. 

 On February 20, 2014, acorns were planted in the greenhouse at UCLA, with an 18 hr/6 

hr light/dark cycle and 20 – 23°C temperature.  Deepots (656 mL, model D40L, Stuewe & Sons, 

Tangent, OR) were filled with dampened potting soil (3:3:6:2:2 washed plaster sand: sandy 

loam: grower grade peat moss: horticultural grade perlite: coarse vermiculite) up to ~1 cm below 

the pot rim.  Acorns were weighed and planted into the deepots, with one acorn per pot and 

maternal families arranged at random within trays in a balanced design.  After watering pots for 

the first time, trays were covered with plastic wrap to keep the acorns moist.  Plastic wrap was 

removed from trays after 8 days, but was kept over pots with un-germinated acorns until they 

developed roots.  After removing plastic wrap, pots were given a one-time spray with orthene (5 

g orthene/gallon water) and sulfur (7.5 g sulfur, 10 mL liquid detergent/gallon water) as a 

preventative treatment against insect pests and mold, respectively, which are known to attack 

seedlings in the greenhouse.  In the early stages, pots were misted daily and watered every other 

day, while they were watered every few days after substantial shoots developed.  Tray positions 

were randomized every week. 

 After approximately five months in the greenhouse, seedlings were randomly assigned to 

drought and control treatment groups, with treatment groups and maternal families evenly 

represented across trays.  Control seedlings were watered every few days, while drought 

seedlings underwent a drought-hardening period for 7 days beginning July 17, 2014, after which 

they were watered and underwent another dry-down period for 9 days (Fig. 4-2).  The treatment  
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Figure 4- 2.  Schematic of the experimental greenhouse and tissue sampling designs for RNA-Seq. 

 

period thus lasted for 16 days.  The purpose of the drought-hardening period was to acclimate 

plants to water stress, such that a second drought period would capture plant response to drought 

beyond initial shock (Vilagrosa et al., 2003; Villar-Salvador et al., 2004).  This approach is 

intended to simulate natural field conditions in which plants are subjected to repeated drought 

events.  A dry-down period of 9 days was selected in an effort to capture early water stress 

response, as a drought period of 15 days was shown to substantially affect gene expression in 

Quercus lobata seedlings (Gugger et al., 2016).  After the two dry-downs, % pot weight of pot 

weight at saturation was significantly different between drought and control groups (Welch two-

sample t-test; meancontrol = 0.982, meandrought = 0.802, t = 18.352, df=11.785, P-value = 4.964 x 

10-10).  Relative water content of leaves sampled from the top whorl of leaves was moderately 

different (Welch two-sample t-test; meancontrol = 0.876, meandrought = 0.812, t = 2.127, df=14.129, 

P-value = 0.05154).  Together, these results indicate that drought treatment plants were indeed 

experiencing moderate water deficit.  Around the treatment period, seedlings were experiencing 

infection with powdery mildew.  Thus, 2 days prior to the start of the experiment and 7 days into 

the experiment, seedlings were sprayed with a solution (75 mL dish soap, 300 mL ultrapure 98% 
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petroleum oil in 5 gallons water) to remove powdery mildew.  While not quantified directly, 

infection appeared to occur indiscriminately, regardless of treatment group. 

 Leaf tissue from all seedlings was sampled at two time points for RNA extractions (Fig. 

4-2).  Tissue was sampled on Day 1 at the start of the experiment (Time 1) before soil-drying and 

again on Day 16 of the experiment after drought treatment seedlings had undergone two dry-

down periods (Time 2).  For both sampling events, seedlings were watered the evening before 

sampling (drought and control seedlings before Time 1 and control seedlings only before Time 

2).  At a similar time in late morning for both sampling events, leaf tissue was sampled from the 

top whorl of leaves when possible, unless the top whorl consisted of newly expanding leaves or 

leaves heavily infected with powdery mildew.  Leaf tissue was frozen between sheets of dry ice 

in the greenhouse and transferred to the -80°C freezer until further processing.  

 

RNA EXTRACTIONS, LIBRARY PREPARATION, AND SEQUENCING— Twenty-four seedlings 

from 6 maternal families were selected for RNA extractions at each of the two sampling times, 

for a total of 48 samples.  Only seedlings from the middle 70th percentile of the height 

distribution were selected in an effort to reduce differences due to seedling growth.  To remove 

polyphenolics and polysaccharides, leaf samples first underwent a lithium chloride/urea-based 

pre-wash protocol developed for conifers (http://openwetware.org/wiki/Conifer_RNA_prep).  

The protocol was optimized for Q. douglasii samples by implementing the following changes:  

1) 50 – 75 mg of tissue was flash-frozen in liquid nitrogen and transferred to frozen 2 mL 

grinding tubes with 2 metal beads, 2) tissue was ground twice for 1 min at 30 Hz in flash-frozen 

adapters, and 3) 1.8 mL Urea/LiCl extraction buffer was added to each tube, allowing recovery 

of 1.5 mL supernatant on Day 1.  The pre-wash was followed by extraction of total RNA using 
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an RNeasy Plant Mini Kit (QIAGEN, Germantown, MD).  To increase sample purity and yield, 

optional steps suggested in the manufacturer’s protocol were implemented (56°C incubation with 

RLT buffer for 2 min, DNase digestion, and an additional 500 µL wash with buffer RPE).  Nine 

samples with low 260/230 ratios on a NanoDrop ND-1000 spectrophotometer (Thermo Fisher 

Scientific, Waltham, MA) underwent a bead cleanup using an Agencourt AMPure XP kit 

(protocol B37419AA; Beckman Coulter, Beverly, MA).  Total RNA quality and quantity for all 

48 samples was checked on a 2100 BioAnalyzer using a eukaryotic total RNA Nano Series II 

assay (Agilent Technologies, Santa Clara, CA) at the UCLA GenoSeq Core. RNA integrity 

numbers (RIN) ranged from 6.9 – 9.1 (mean = 7.86). 

 Up to 3 mg total RNA underwent poly-A tail selection to isolate mRNA and was 

converted to cDNA using a TruSeq RNA library preparation kit (Illumina, San Diego, CA).  

Twenty-four unique Illumina adapters were used to barcode individual libraries.  Each library 

was quantified via a Qubit dsDNA BR assay kit (Thermo Fisher Scientific, Waltham, MA) and 

average fragment size was checked on a 2100 Agilent Bioanalyzer using a DNA 1000 Series II 

assay at the UCLA GenoSeq Core.  Samples were then normalized and pooled into 4 libraries of 

12 samples each.  Samples were balanced across libraries, such that each library contained 3 

blocks of 4 samples representing a drought and control seedling at Time 1 and Time 2 for a given 

maternal family.  Libraries underwent single-end 50 bp sequencing on 4 lanes of an Illumina 

HiSeq2000 at the Broad Stem Cell Research Center at UCLA. 

 

READ PROCESSING AND MAPPING—Raw sequence reads were de-multiplexed allowing one 

mismatch per barcode.  Reads that failed the Illumina quality filter were removed, and remaining 

reads were converted to fastq format.  Adapter sequence was trimmed with Scythe version 0.994 
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BETA (Buffalo, 2011), and Sickle version 1.33 (Joshi & Fass, 2011) was used to trim low 

quality sequence from read ends falling below an average Phred score of 30 in a sliding window, 

followed by removal of reads less than 20 bp.  Finally, low complexity sequences were removed 

with the Fastx Toolkit (Hannon, 2010).  Quality metrics with FastQC software (Andrews, 2010) 

before and after filtering confirmed an increase in sequence quality following read processing. 

 Processed reads were mapped to the Quercus lobata Née (valley oak) reference 

transcriptome (Cokus et al., 2015) using the memory-efficient gapped aligner Bowtie2 version 

2.2.6 (Langmead et al., 2009; Langmead & Salzberg, 2012).  Reads were aligned to the reference 

end-to-end using default (--sensitive) settings.  The reference transcriptome contains reads 

assembled from leaf and flower buds, young leaves, and young male flowers from 22 Q. lobata 

individuals, 1 Q. garryana (Oregon white oak) individual, and 1 presumed Q. lobata × Q. 

douglasii hybrid (Cokus et al., 2015).  The 72.5 Mbp reference contains 83,644 contigs, 28,676 

of which have full or partial gene models, 9,431 of which have Arabidopsis TAIR10 orthologs 

(Swarbreck et al., 2007), and 19,365 of which have homology to Pfam domains (Finn et al., 

2009).  Following read alignment to the reference, low mapping quality reads (MAPQ < 20) 

were filtered.  Mapped reads were processed (converted from SAM to BAM format, sorted, and 

indexed) with SAMtools version 0.1.19 (Li et al., 2009) and visually checked in the Integrative 

Genomics Viewer (IGV) version 2.3.60 (Robinson et al., 2011; Thorvaldsdottir et al., 2013).  

Average coverage across the reference transcriptome was calculated in SAMtools with the depth 

function.  HTSeq (Anders et al., 2015) was used to generate counts per mRNA feature (28,676) 

in the reference transcriptome for each individual (mRNA features are hereafter referred to as 

genes).  The default setting (union mode) was used, which produces counts only for reads that 

map to unique locations. 
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DIFFERENTIAL EXPRESSION ANALYSIS—Differential expression analysis was performed using 

the DESeq2 v.1.12.3 package (Love et al., 2014) within the R v.3.3.0 (R Core Development 

Team 2016)/Bioconductor v.3.2 environment (Gentleman et al., 2004). DESeq2 models read 

counts according to a negative binomial distribution and normalizes the counts by a size factor to 

adjust for variation in sequencing depth between samples.  The analysis produces log2-fold 

change estimates between contrasts of interest and reports Benjamini and Hochberg adjusted p-

values (Benjamini & Hochberg, 1995).  We fit generalized linear models (GLMs) in DESeq2 to 

test three questions: 1) To what extent do genes exhibit shared differential expression in response 

to drought across all maternal families (plastic response to the environment)?  2) Is there 

differential expression in response to drought that varies with maternal family (genotype × 

environment interaction)? 3) Which genes are differentially expressed among maternal families 

at baseline (genotype effect at time 1)?   For each question, all GLM models were run for a 

maximum of 1000 iterations and only genes with normalized counts of 10 or more in at least 

80% of samples were included.    

 To address these questions we ran three GLMs (Table 4-1).  First, to test whether there is 

differential expression shared across maternal families, a repeated measures model was set up 

including treatment, time nested within treatment, and sample nested within treatment (GLM1).  

Sample names were recoded within treatment according to the DESeq2 manual specifications, as 

a means of accounting for repeated measures over time within samples.  To identify drought-

induced genes within GLM1 while controlling for other genes that may change with time such as 

growth genes, two tests were implemented.  The first was a Wald test to determine the 

significance of the treatment × time contrast: [(droughttime2 – droughttime1) – (controltime2 – 

controltime1)].  The second was a qualitative test that first ran separate Wald tests of the time 2 × 



	 115	

time 1 contrast within each treatment group (drought and control), followed by isolating genes 

unique to the drought dataset.  A gene was considered unique if its adjusted p-value was less than 

0.05 in the drought dataset, and its adjusted p-value in the control dataset exceeded 0.10.  There 

were no genes that were significant in both drought and control datasets yet expressed in 

opposite directions.  A similar test was done to identify genes unique to the control dataset that 

might represent genes that change through time under normal functioning.  Overlap between the 

treatment × time contrast and unique drought gene datasets was used to identify top drought 

candidate genes.  Secondly, to test whether there is variable drought-related gene expression by 

maternal family, a likelihood ratio test was implemented by comparing a full repeated measures 

model including the 3-way interaction among treatment, time, and maternal family, all lower 

level terms, and sample nested within maternal family within treatment (GLM2), to a reduced 

model excluding the 3-way interaction.  Sample names were recoded within maternal families 

and treatment, following a similar pattern as that specified in the DESeq2 manual to account for 

repeated measures within samples.  Finally, to test whether there is baseline differentiation in 

gene expression among maternal families, a GLM was constructed for seedlings sampled at Time 

1 only, and included library batch (4-level factor), technician (2-level factor), sequencing lane (4-

level factor), and maternal family as main effects (GLM 3).  A likelihood ratio test was used to 

determine whether a model including maternal family was significantly better than a reduced 

model for each gene.  

 To examine relationships among samples by gene expression, normalized count data first 

underwent a regularized log (rlog) transformation in the DESeq2 package (Love et al., 2014).  

The rlog is similar to a log2 transformation with the additional step of shrinking genes with low 
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counts, thus placing less weight on both highly and weakly expressed genes and making the 

variance for each gene homoskedastic.  Rlog data was used to create norm-of-reaction plots to 

visualize genes with shared plastic responses to drought treatment (GLM1) and variable 

responses to drought treatment by maternal family (genotype × environment interaction; GLM2) 

Rlog values were further represented in principal components analysis (PCA) to visualize 

relationships among all samples, among treatment group and time for the set of candidate 

drought genes (GLM1) and among maternal families at baseline (GLM3). 

 

 TABLE 4-1.  Generalized linear models tested in DESeq2. 

Test Effect of Interest Model Contrasts or Likelihood Ratio Test 
GLM1 Treatment × Time Effect 

(Shared Plastic Drought 
Response) 

Treatment + Treatment:Time + 
Treatment:Sample 

Contrasts tested via Wald Tests: 
1) [DroughtTime2 – DroughtTime1] 

– [ControlTime2 – ControlTime1] 
2) Separate comparison of: 

DroughtTime2 – DroughtTime1 
       ControlTime2 – ControlTime1 

 
GLM2 Treatment × Time × 

Maternal Family Effect 
(Variable Drought 
Response by Family) 
 

Treatment*Time*Family + 
Treatment:Family:Sample 

Likelihood Ratio Test: reduced 
model excludes 
Treatment:Time:Family term 

GLM3 Maternal Family (Baseline 
Family Differentiation) 
 

Family + Batch + Technician + 
Lane (Time 1 only) 

Likelihood Ratio Test: reduced 
model excludes Family term 

For model formulas:  
: indicates a single interaction among variables 
* indicates an interaction among the variables specified and all lower level terms 
 

GENE ONTOLOGY ANALYSIS—Singular enrichment analysis (SEA) was performed in agriGO 

v.1.2 (Du et al., 2010) to identify gene ontology (GO) categories overrepresented in a given 

query set of transcripts relative to the non-overlapping background set of transcripts tested in 

DESeq2 (together totaling approximately 14,700 transcripts).  Each test was restricted to only 

those genes with TAIR10 annotations (Swarbreck et al., 2007) in the reference transcriptome 
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(Cokus et al., 2015), a maximal set of 9,431 transcripts.  The Complete GO option was run for 

all tests.  χ2 tests were used to identify significantly enriched GO categories with at least 10 

matching entries and adjusted P-values ≤ 0.05 after implementing a false discovery rate 

correction for multiple testing (Benjamini & Yekutieli, 2001). 

 

RESULTS 

READ PROCESSING AND MAPPING—Forty-eight samples, including 12 drought seedlings and 12 

control seedlings at two time points each, were sequenced on four lanes of an Illumina 

HiSeq2000 platform, resulting in 914.3 million total raw reads, 893.9 million of which matched a 

sample barcode (Table 4-2; mean per sample = 18.6 million ± 3.13 million reads).  After four 

filtering steps, 772.9 million (86.46% of barcoded reads) reads remained (mean per sample = 

16.1 million ± 2.57 million reads; Fig. 4-S1).  A total of 623.5 million reads were mapped either 

uniquely or multiply (80.67% of filtered reads) to the reference transcriptome using Bowtie2.  Of 

these, 546.7 million reads had MAPQ scores ≥ 20 (70.73% of filtered reads) and were 

maintained for downstream analysis (Table 4-2).  A total of 78,406 of 83,644 contigs in the 

reference contained at least one mapped read, leading to an average coverage of 18.11× across 

mapped regions and 7.34× coverage across the entire transcriptome (Table 4-2).   

 

DIFFERENTIAL EXPRESSION AND GENE ONTOLOGY ANALYSIS— 

Identification of Shared Drought Response Genes Across Maternal Families. Separate contrasts 

in drought and control seedlings between time points revealed that 3,635 genes were signify-

cantly differentially expressed (Padj < 0.05) in drought-exposed seedlings (Fig. 4-3a) and 2,480 

genes were differentially expressed in control seedlings (Fig. 4-3b) of 14,673 total genes that 
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TABLE 4-2.  Summary of initial, filtered, and mapped read counts and representation/coverage of reference 
transcriptome. 

Category Counts 

Total number of raw reads 914,270,892 

Total number of reads matching sample barcodes 893,929,592 

Total number of filtered reads to be mapped 772,931,095 

Total number of mapped reads 623,516,084 

Total number of mapped reads with MAPQ ≥ 20 546,728,755 

Size of reference transcriptome1 72.5 Mbp 

Total number of contigs in reference transcriptome1 83,644 

Total number of contigs represented by at least 1 read 78,406 

Average coverage across mapped reads 18.11× 

Average coverage across reference transcriptome 7.34× 

 

passed filters in GLM1 of DESeq2 analysis.  Comparing the 3,635 significant genes (Padj < 0.05) 

in the drought dataset to significant genes in the control dataset (Padj < 0.10), revealed 1,322 

genes unique to the drought dataset (617 up-regulated and 705 down-regulated at time 2; Fig. 4-

3c).  These 1,322 genes are hereafter referred to as ‘unique drought genes’.  No genes were 

differentially expressed in response to drought treatment when simultaneously accounting for 

expression changes in control seedlings over the same time period (a statistical test of the 

treatment × time contrast).  However, 267 of these genes had an unadjusted P-value below 0.05.  

Comparing the 1,322 unique drought genes to these 267 treatment × time contrast genes 

identified a common set of 101 genes (34 up-regulated and 67 down-regulated at time 2; Fig. 4-

3d, Table 4-S1), hereafter referred to as ‘top drought candidate genes’.  Finally, a comparison of 

the 2,480 significant genes (Padj < 0.05) in the control dataset and the set of genes in the drought 

dataset with Padj < 0.10, revealed a panel of 428 differentially expressed genes unique to  
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Figure 4- 3. MA (mean average) plots showing differential expression between time points for A) drought-exposed 
seedlings and B) control seedlings.  Plots display the log2-fold change between time points against the mean 
expression for each of 14,673 genes across individuals.  Each point represents a gene, where red points have P-adj < 
0.05.  Points above the line are up-regulated while points below the line are down-regulated at Time 2 relative to 
Time 1.  Venn diagrams highlight C) 1,322 genes responding uniquely to drought treatment (shared drought genes) 
D) 101 top drought candidate genes, and E) 428 genes responding uniquely in the control treatment (potential 
growth genes) and the number of genes up- and down-regulated over time within each subset of interest.  Unique 
drought genes are defined as those with P-adj < 0.05 that are not shared by control genes with P-adj < 0.10, and 
unique control genes are defined similarly in comparison to drought genes.  Top drought candidate genes are those 
shared between the unique drought gene dataset and the top genes (unadjusted P-value < 0.05) in the drought 
contrast dataset [(droughttime2 – droughttime1) – (controltime2 – controltime1)].  
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the control dataset (230 up-regulated and 198 down-regulated at time 2; Fig. 4-3e).  Because 

these genes change over time in the control but not drought dataset, they may represent time-

responsive genes, such as growth genes, that operate during normal functioning but are impaired 

during water deficit. 

 Differential gene expression between time points in drought and control datasets was 

supported visually by principal component analysis (PCA), indicating a large-scale molecular 

response to drought treatment and time.  For the complete set of 14,673 genes, separation on PC1 

and PC2 axes mainly occurred between time points (Fig. 4-4a), while separation among control 

and drought groups at time 2 was more apparent for the 1,322 differentially expressed unique 

drought genes (Fig. 4-4b).  The distinction between drought-treated seedlings at time 2 from the 

other three groups was particularly clear for the 101 top drought candidate genes (Fig. 4-4c).  

The percentage of the variance in gene expression explained also increased from the complete 

dataset to the 101 top drought candidate genes for both PC1 (15.9% to 36.0%) and PC2 (11.1% 

to 17.4%).  Divergence in gene expression seen in PC plots thus indicates that the 1,322 unique 

drought genes, and particularly the top 101 drought genes, are responding to the drought 

treatment.  For the 428 unique control genes, there was clear distinction between time points and 

moderate separation between control and treatment groups at time 2 (Fig. 4-4d), though not as 

strong a distinction as seen for the unique drought genes (Fig. 4-4b).  Genes unique to the control 

group may be involved in processes that are normally up- or down-regulated in well-watered 

seedlings, yet are disrupted in drought-stressed seedlings since the same expression patterns are 

not observed with water deprivation. 

 Reaction norms were plotted for seedlings belonging to the different maternal families to 

reveal how gene expression is affected by the environment (here, treatment group and time).   
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Figure 4- 4.  Plots of principal component axes 1 and 2 for A) 14,673 genes from the total dataset, B) 1,322 total 
unique drought genes, C) 101 top drought candidate genes, and D) 428 unique control genes.  For each set of genes, 
PCs were derived from rlog-transformed normalized gene counts in the 48 samples.  The percentage of the variance 
explained by each PC is displayed on the axes.  Note that the scale on the axes varies. 

 

 

These plots thus reveal plasticity in gene expression over time for each treatment group.  For 

shared, unique drought genes, all maternal families should display a uniform response to drought 

treatment over time, while the response to the control treatment over time should differ from the 

drought response or vary across maternal families.  As expected, reaction norms for the six most 
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significant unique drought genes (which were also the six most significant of the 101 drought 

candidate genes) showed pronounced up-regulation (m01oak04949cC.t01.1T: DEAD-box 

protein, m01oak11597jC.t01.1T: ARM repeat superfamily protein) or down-regulation 

(m01oak49117CC.t01.1T: α/β hydrolases superfamily protein, m01oak22966Jc.t01.1T: malectin, 

m01oak09743cf.t01.1T: cytochrome B5-like protein, m01oak01127cf.t01.1T: unknown protein) 

over time across all maternal families in the drought treatment, while response varied within 

control seedlings (Fig. 4-5a-f).  Similarly, the top six unique control genes displayed more 

consistent up-regulation (m01oak09396JC.t01.1T: lipid phosphate phosphatase 3, 

m01oak10644CC.t01.1T: mitochondrial fission ELM1, m01oak05875ct.t01.1T: adenosine 

kinase, m01oak07656cC.t01.1T: AP2 domain) or down-regulation (m01oak27781CC.t01.1T: 

DYW family of nucleic acid deaminases, m01oak12907CC.t01.1T: yellow stripe like 3) within 

control seedlings as compared to drought seedlings over time (Fig. 4-S2a-f).  The distinction in 

responses between drought and control seedlings was less pronounced for unique control genes 

than for unique drought genes, which may indicate a consistent response to drought stress but a 

more varied response to time-dependent processes unrelated to drought, such as growth. 

 Gene ontology analysis using agriGO Complete GO revealed distinct functions for up- 

and down-regulated genes in each dataset.  Thirty-one GO terms were enriched for up-regulated 

drought genes relative to the reference (Table 4-3), in a comparison of the 361 query IDs (of 617 

possible) and 7710 reference IDs (of 14,056 possible) with TAIR10 orthologs.  These genes 

tended to have functions related to nucleus organization, protein import into the nucleus, 

targeting to the mitochondrion, and protein maturation, as might be expected during a cellular 

response to a stress such as drought.  Surprisingly, many genes were also enriched that play roles 

in meiosis, DNA recombination, and gamete generation.  A total of 16 GO terms were enriched  
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Figure 4- 5.  Norm-of-reaction plots for the top six shared, unique drought genes (of 1,322) with the smallest Padj (A 
– F).  These genes are also the top six of the 101 candidate drought genes.  The regularized log-transformed gene 
counts are plotted for drought and control seedlings at Time 1 and Time 2.  Oak gene IDs and select gene 
annotations are as follows: A) m01oak49117CC-t01-1T: α/β -Hydrolases superfamily protein, B) m01oak49117CC-
t01-1T: malectin, C) m01oak04949cC-t01-1T: putative DEAD-box protein abstrakt, D) m01oak09743cf-t01.1T: 
cytochrome B5-like protein, E) m01oak01127cf-t01-1T: no annotation, and F) m01oak11597jC-t01-1T: ARM 
repeat superfamily protein.  Complete annotations with TAIR10 and Pfam orthologs can be found in the appendix.  
Note that the scale on the y-axis varies. 

 

in the down-regulated drought gene dataset (Table 4-3), in a test of 368 query IDs (of 705 

possible) relative to 7703 reference IDs (of 13,968 possible) with TAIR10 orthologs.  These 

genes tended to be related to meristem growth and development, stomatal complex 

morphogenesis, transferase activity, transmembrane transport, and the endomembrane system.  

Although gene ontology analysis was run for the up- and down-regulated genes in the 101 top 

drought candidate genes dataset, no GO terms were enriched, likely due to small sample size.  In 
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an analysis of 110 query IDs (of 230 possible) in the up-regulated control gene dataset and 7961 

reference IDs (of 14,443 possible) with TAIR10 orthologs, no GO terms were overrepresented 

with a minimum of 10 mapping entries required.  Three GO terms related to transporter activity 

(GO:0022892, GO:0022891, GO:0022857) were enriched in the down-regulated control dataset, 

in a comparison of 117 query IDs (of 198 possible) relative to 7954 reference IDs (of 14475 

possible) with TAIR10 annotations.  While GO categories unique to the drought dataset may 

characterize functional responses to water stress, GO terms unique to the control dataset may 

reveal normal functions that change with time but that are repressed in drought seedlings. 

 

Table 4-3. AgriGO Complete GO gene ontology terms enriched among the A) 617 up-regulated and B) 705 down-
regulated shared, unique drought genes relative to the reference dataset.  A minimum of 10 mapping entries in the 
input list and a false discovery rate threshold of 0.05 were required for significance.  Ontology abbreviations are as 
follows: P = biological process, F = molecular function, C = cellular component. 

GO term Ontology Description Number in 
Input List 

Number in 
Reference 

FDR 

Up-regulated unique drought gene dataset 

GO:0009560 P embryo sac egg cell differentiation 17 74 2.10E-09 

GO:0007292 P female gamete generation 17 74 2.10E-09 

GO:0009561 P megagametogenesis 18 86 1.10E-08 

GO:0007276 P gamete generation 18 88 1.90E-08 

GO:0033365 P protein localization in organelle 24 149 1.90E-07 

GO:0019953 P sexual reproduction 18 101 1.30E-06 

GO:0009553 P embryo sac development 19 115 3.80E-06 

GO:0006997 P nucleus organization 10 40 3.80E-06 

GO:0017038 P protein import 29 219 3.80E-06 

GO:0032504 P multicellular organism reproduction 24 175 2.00E-05 

GO:0006606 P protein import into nucleus 15 86 2.60E-05 

GO:0034504 P protein localization in nucleus 15 87 3.20E-05 
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GO term Ontology Description Number in 
Input List 

Number in 
Reference 

FDR 

GO:0051170 P nuclear import 15 88 3.90E-05 

GO:0051604 P protein maturation 10 46 5.50E-05 

GO:0048609 P reproductive process in a multicellular 
organism 

22 163 7.10E-05 

GO:0051169 P nuclear transport 18 122 8.60E-05 

GO:0006913 P nucleocytoplasmic transport 18 122 8.60E-05 

GO:0070585 P protein localization in mitochondrion 11 59 2.50E-04 

GO:0006626 P protein targeting to mitochondrion 11 59 2.50E-04 

GO:0048610 P reproductive cellular process 17 125 9.50E-04 

GO:0048229 P gametophyte development 22 197 5.00E-03 

GO:0006310 P DNA recombination 16 126 6.10E-03 

GO:0007005 P mitochondrion organization 11 72 7.10E-03 

GO:0051327 P M phase of meiotic cell cycle 13 95 8.90E-03 

GO:0007126 P meiosis 13 95 8.90E-03 

GO:0006839 P mitochondrial transport 12 85 1.00E-02 

GO:0006605 P protein targeting 38 429 1.00E-02 

GO:0007131 P reciprocal meiotic recombination 10 65 1.20E-02 

GO:0007127 P meiosis I 10 66 1.40E-02 

GO:0006886 P intracellular protein transport 40 488 4.30E-02 

GO:0005634 C nucleus 185 2814 2.50E-02 

 

Down-regulated unique drought gene dataset 

GO:0006354 P RNA elongation 14 39 1.50E-14 

GO:0048509 P regulation of meristem development 14 86 2.50E-03 

GO:0010075 P regulation of meristem growth 12 69 2.80E-03 

GO:0035266 P meristem growth 12 72 4.70E-03 
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GO term Ontology Description Number in 
Input List 

Number in 
Reference 

FDR 

GO:0007017 P microtubule-based process 17 128 8.30E-03 

GO:0010103 P stomatal complex morphogenesis 10 63 4.20E-02 

GO:0008324 F cation transmembrane transporter activity 19 138 7.30E-04 

GO:0022890 F inorganic cation transmembrane 
transporter activity 

10 61 7.80E-03 

GO:0016758 F transferase activity, transferring hexosyl 
groups 

15 115 7.80E-03 

GO:0016757 F transferase activity, transferring glycosyl 
groups 

21 195 1.30E-02 

GO:0015075 F ion transmembrane transporter activity 19 181 3.40E-02 

GO:0012505 C endomembrane system 18 130 8.30E-04 

GO:0005794 C Golgi apparatus 38 372 8.30E-04 

GO:0016020 C membrane 153 2150 2.20E-03 

GO:0005783 C endoplasmic reticulum 26 247 5.60E-03 

GO:0005886 C plasma membrane 91 1235 9.60E-03 

 

Identification of Variable Drought Response Genes by Maternal Family.  The second major goal 

of the experiment was to identify genes with variable expression in response to drought 

treatment, that provide variation on which selection act and potentially making the population 

more resilient to changing climate.  A likelihood ratio test comparing models with and without a 

three-way interaction among treatment, time, and maternal family (GLM3; Table 4-1) identified 

70 genes of 14,673 tested whose response to treatment and time depended on maternal family 

(Table 4-S2).  As predicted, norm-of-reaction plots for the six most significant genes revealed 

variation in expression among maternal families within treatment groups over time, as well as 

variation within maternal families across treatment groups over time (Fig. 4-6a-f).  For example, 

in gene m01oak29051jc.t01.1T, the blue maternal family (QUDO9) is down-regulated in the 

control group, but up-regulated in the drought group. Alternatively, the teal maternal family  
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Figure 4- 6. Norm-of-reaction plots for the six most significant variably expressed drought response genes (three-
way interaction among treatment, time, and maternal family, of 70 total) (A – F).  The regularized log-transformed 
gene counts are plotted for drought and control seedlings at Time 1 and Time 2.  Gene annotations are as follows: A) 
m01oak29051jc-t01-1T: NADH-Ubiquinone/plastoquinone (complex I), various chains, B) m01oak31414Cc-t01-
1T: hypothetical protein, C) m01oak27958C-t01-1T: unknown, D) m01oak53163C-t01-1T: DNA polymerase type 
B, E) m01oak26209cf-t01-1T: ribosomal protein S3, and F) m01oak00213Cc-t01-1T: unknown. Complete 
annotations with TAIR10 and Pfam domains can be found in the supplemental material.  Note that the scale on the 
y-axis varies. 

 

(QUDO7) is slightly up-regulated in the control group, but slightly down-regulated in the 

drought group (Fig. 4-6a).  Three of the six genes have TAIR10 orthologs or matching Pfam 

domains, including NADH-Ubiquinone/plastoquinone (complex I), DNA polymerase type B, 

and ribosomal protein S3. 

 Gene ontology analysis identified 21 GO categories enriched among the 70 significant 

three-way interaction genes (Table 4-3).  Analysis consisted of 27 query IDs (of 70 possible)  
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Table 4-4.  21 AgriGO Complete GO gene ontology terms enriched among the 70 significant variably expressed 
drought response genes (3-way interaction genes among treatment, time, and maternal family).  A minimum of 10 
mapping entries in the input list and a false discovery rate threshold of 0.05 were required for significance.  
Ontology abbreviations are as follows: P = biological process, F = molecular function, C = cellular component. 

GO term Ontology Description Number in 
Input List 

Number in 
Reference 

FDR 

GO:0006354 P RNA elongation 13 40 8.20E-168 

GO:0015979 P photosynthesis 15 225 2.50E-35 

GO:0006091 P generation of precursor metabolites and 
energy 

16 333 1.00E-25 

GO:0032774 P RNA biosynthetic process 14 872 7.10E-06 

GO:0006350 P transcription 14 871 7.10E-06 

GO:0006351 P transcription, DNA-dependent 14 871 7.10E-06 

GO:0010467 P gene expression 19 1495 4.70E-05 

GO:0016070 P RNA metabolic process 17 1483 5.30E-04 

GO:0034645 P cellular macromolecule biosynthetic 
process 

18 1642 7.00E-04 

GO:0009059 P macromolecule biosynthetic process 18 1671 8.20E-04 

GO:0006139 P nucleobase, nucleoside, nucleotide and 
nucleic acid metabolic process 

18 1955 7.00E-03 

GO:0032991 C macromolecular complex 15 762 1.80E-07 

GO:0043234 C protein complex 11 605 2.30E-05 

GO:0031090 C organelle membrane 10 677 1.20E-03 

GO:0044434 C chloroplast part 10 726 2.30E-03 

GO:0044435 C plastid part 10 741 2.40E-03 

GO:0005739 C mitochondrion 12 1091 9.20E-03 

GO:0044446 C intracellular organelle part 15 1694 3.00E-02 

GO:0009507 C chloroplast 16 1849 3.00E-02 

GO:0044422 C organelle part 15 1697 3.00E-02 

 

against 8,044 reference IDs (of 14,603 possible) with TAIR10 annotations.  Enriched categories 

included RNA elongation, transcription, photosynthesis, generation of metabolite precursors and 
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energy, various biosynthetic processes, and the chloroplast (Table 4-3).  Differential regulation 

of photosynthesis, energy production, and transcription may represent different strategies within 

a population for dealing with water stress. 

 

 

Identification of Genes That Differ Between Maternal Families at Baseline.  A third goal of the 

study was to determine whether there are baseline differences among maternal families before 

the initiation of drought stress.  Differentially expressed genes may represent population-level 

variation for normal cellular processes, which may be determined by relatedness among families.  

These baseline differences may further shape seedling responses to water deficit. A likelihood 

ratio test comparing a model with and without maternal family among only seedlings at time 1 

identified 591 genes of 14,851 tested that were differentially expressed among maternal families 

at baseline.  PCA for the 591 genes revealed clustering of seedlings by maternal family, with 

QUDO1, QUDO5, and QUDO10 most similar and QUDO7 and QUDO9 clustering apart from 

the other families (Fig. 4-7).  Pair-wise contrasts among maternal families revealed 437 
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differences, 233 of which were unique.  Differences between families ranged from 14 to 67, with 

QUDO7 and QUDO9 exhibiting the most differences (Table 4-S3).  While QUDO7 was 

geographically furthest from the other maternal trees, QUDO9 was centrally located (Fig. 4-1). 

 Gene ontology analysis identified nine GO terms associated with baseline differences in 

gene expression among maternal families.  Specifically, this included GO terms dealing with 

DNA methylation, DNA replication, synthesis of aromatic compounds, and regulation of stress 

and defense responses (Table 4-4).  These terms were identified in a comparison of 261 query 

IDs (of 591 possible) to 7,843 reference IDs (of 14,260 possible) with TAIR10 orthologs.  

Differentially expressed genes among maternal families at baseline could represent maternal 

effects influencing offspring phenotype.  Alternatively, they could reflect differences in seedling 

or leaf age, or microsite conditions within the greenhouse, although this is unlikely to occur 

consistently for all seedlings within a maternal source due to the stratified design. 

 

Table 4-5. Nine agriGO Complete GO gene ontology terms enriched among the 591 significant differentially 
expressed genes among maternal families at baseline (time 1). A minimum of 10 mapping entries in the input list 
and a false discovery rate threshold of 0.05 were required for significance.  Ontology abbreviations are as follows: P 
= biological process, F = molecular function, C = cellular component. 

GO term Ontology Description Number in 
Input List 

Number in 
Reference 

FDR 

GO:0006261 P DNA-dependent DNA replication 12 100 0.012 

GO:0019438 P aromatic compound biosynthetic process 20 233 0.025 

GO:0031347 P regulation of defense response 16 180 0.040 

GO:0006306 P DNA methylation 10 89 0.040 

GO:0006305 P DNA alkylation 10 89 0.040 

GO:0006304 P DNA modification 10 90 0.040 

GO:0006260 P DNA replication 13 136 0.040 

GO:0033554 P cellular response to stress 35 551 0.050 

GO:0080134 P regulation of response to stress 16 189 0.050 
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DISCUSSION 

 For the drought tolerant California blue oak, Quercus douglasii Hook & Arn, we have 

characterized a modest transcriptional response to early drought stress (1,322 genes or 9% of the 

total transcripts assessed) and have further identified a set of 70 candidate genes that are variably 

expressed in response to drought that provide the opportunity for adaptation to changing climate 

conditions.  The 1,322 drought response genes shared across maternal families, including 101 top 

drought candidate genes, may represent conserved genes for managing water deficit that have 

been shaped by past environmental conditions (Marais et al., 2012; Lasky et al., 2014), while the 

70 variable response genes provide standing genetic variation on which selection may act.  

Genetic variation is particularly critical, as an increase in co-occurring dry and warm years are 

expected to elevate drought risk in California over the course of the century (Diffenbaugh et al., 

2015).  The transcriptional responses to water deficit that we observe in the greenhouse are 

phenotypically plastic responses that may allow plants to respond immediately to drying 

conditions in their natural environments.  Moreover, the variation in plastic responses that we 

observe in 70 genes may allow an adaptive response to a wider range of conditions, including 

increasing drought frequency and severity in the future.   

 

Shared Drought Response Genes Reflect Plasticity for Dealing with Early Water Deficit.  We 

identified 1,322 differentially expressed genes in response to drought in Q. douglasii, 

approximately 9% of the 14,673 genes we tested.  Divergence in expression over time in these 

1,322 genes between drought-stressed and control seedlings is modest but clear (Fig. 4-4b,c), 

suggesting that we have captured early response to drought.  We sampled seedling tissue when 

water levels reached approximately 80% of pot weight at saturation.  Soil moisture levels in 
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California are expected to decrease markedly by the end of the century. In the American 

southwest, soil moisture to a depth of 30 cm is expected to decrease by 1.63 – 2.08 standard 

deviations from the 1931 – 1990 mean, depending on a moderate or high emissions scenario 

(Cook et al., 2015). In California in particular, climate water deficit, a measure of the difference 

between potential and actual evapotranspiration, is expected to increase by roughly 93 – 245 

mm, depending on the emissions scenario (Davis et al., 2016).  We have characterized early 

response genes for managing water deficit, though we expect a larger suites of genes to be 

involved in orchestrating response to more extreme drought events anticipated in the future.  

 The 9% of differentially expressed genes that we find in this study is a much smaller 

proportion of genes than the 52% of 68,434 contigs that were differentially expressed in Quercus 

lobata seedlings with drought treatment in our recent study (Gugger et al., 2016).  This may be 

due to several reasons.  First, there were differences in the drought treatment between 

experiments.  While Q. lobata seedlings experienced a 15-day dry-down period, Q. douglasii 

seedlings in this study were subjected to a final dry-down period of 9 days.  Differences in the 

severity of drought treatment can affect gene expression profiles, where more severe stress can 

affect the expression of a larger number of genes as well as different suites of genes (Li et al., 

2015).  As mentioned above, we have likely captured early response to drought conditions.  

Furthermore, prior to the final dry-down, we subjected seedlings to a 7-day drought-hardening 

period followed by re-watering.  Through drought-hardening, plants can acclimate to water stress 

and thus exhibit increased performance under future water deficit (Vilagrosa et al., 2003).  

Quercus ilex seedlings demonstrated greater drought tolerance after moderate hardening via 

reduced osmotic potential, stomatal conductance, and residual transpiration (Villar-Salvador et 

al., 2004).  In this experiment, we preceded the final dry-down with a drought-hardening 
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treatment in an effort to capture genes responding to intermittent drought as might be 

experienced in nature.  Together, the acclimation treatment and shorter dry-down period may 

have resulted in a tempered response in Q. douglasii relative to Q. lobata seedlings.  A second 

reason why Q. douglasii may have had fewer differentially expressed transcripts is due to 

filtering by comparison with a control group.  Whereas we initially detected 3,635 genes (24.8%) 

that were differentially expressed over time in the drought group, this number dropped to 1,322 

genes after removing 2,313 genes that were also at least moderately (padj < 0.10) differentially 

expressed in the control group over time (Fig. 4-3c).  These overlapping genes between drought 

and control seedlings may reflect genes involved in growth and development or genes 

responding to shared conditions in the greenhouse.  Finally, a third reason for the discrepancy in 

the number of differentially expressed genes may relate to differences in drought tolerance 

between species.  Quercus douglasii is considered a drought tolerant oak tree species with close 

evolutionary relationships to the drought-adapted scrub oaks of California (Kim et al. submitted; 

Fitz-Gibbon et al. in press).  It can tolerate lower daytime water potentials and exhibits greater 

overnight water potential recovery than Q. lobata (Johannes et al., 1994).  A tolerance response 

may translate into fewer genes displaying changes in expression.  In sum, these three 

explanations are not mutually exclusive, and we expect that the reasons for the fewer number of 

genes expressed in response to drought in Q. douglasii may be some combination of these. 

 The functional categories associated with shared response to early drought in our Q. 

douglasii seedlings are largely consistent with genes identified in other species.  This is not 

surprising, given that drought may act as a selective force, leading to conserved, adaptive 

evolutionary responses (Franks, 2011; Marais et al., 2013).  The 617 up-regulated genes showed 

gene ontologies largely related to protein maturation, protein import to the nucleus, and protein 
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targeting to the mitochondrion (Table 4-3).  Drought stress induces signaling cascades that 

require transport of proteins into and out of the nucleus via importins and exportins (Tamura & 

Hara-Nishimura, 2014) as well as extensive cross-talk among the nucleus, mitochondria, and 

chloroplasts (Atkin & Macherel, 2008).  Drought has also been shown to increase protein import 

into mitochondria which may be necessary for repair of mitochondrial proteins damaged by 

oxidation (Atkin & Macherel, 2008).  Surprisingly, gene ontology terms related to gamete 

generation, reproduction, and meiosis were also enriched in the up-regulated dataset (Table 4-3).  

Since we only sampled leaf tissue and no reproductive tissue, this is likely a by-product of genes 

having multiple GO annotations.  For example, one of the significant drought genes 

(AT5G13680) has a role in embryo sac egg cell differentiation (GO:0009560), yet also plays 

roles in drought-associated processes such as response to oxidative stress (GO:0006979) and 

regulation of the abscisic acid mediated signaling pathway (GO:009787), which were not 

enriched.  Indeed, abscisic acid, a phytohormonre which mediates response to water deficit, also 

plays a role in development, perhaps explaining this odd result.  Looking at functions of specific 

genes among the 34 up-regulated top drought candidate genes (Table 4-S1), we find that many 

have been previously affiliated with drought response.  For example, DEAD-box protein 

(m01oak04949cC) was the most significant up-regulated gene and is a DNA/RNA helicase that 

may be involved in nucleotide repair of damage induced by abiotic stressors (Vashisht & Tuteja, 

2006).  An armadillo (ARM) repeat superfamily protein (m01oak11597jC) was up-regulated, 

which has been shown to be involved in lateral root growth, as well as both ABA-dependent and 

–independent signaling during drought (Sharma & Pandey, 2016).  Ascorbate peroxidase 2 

(APX2: m01oak09469CC) was also induced, which converts the reactive oxygen species (ROS), 

hydrogen peroxide, into water during drought stress (Caverzan et al., 2012).  Other up-regulated 
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genes included those encoding heat-shock proteins (chaperon DnaJ-domain superfamily protein: 

m01oak15536cC, Hsp70: m01oak20638CC) and the proteolytic F-box/RNI-like superfamily 

protein (m01oak24120Ci), and glutathione-S-transferase (m01oak06674CC), which have been 

affiliated with abiotic stress (Liberek & Georgopoulos, 1993; Xu et al., 2015; Song et al., 2015). 

 The set of 705 down-regulated genes was also largely consistent with findings in other 

studies, supporting their role in a conserved drought response.  Gene ontology terms related to 

regulation of meristem growth and development and stomatal complex morphogenesis were 

enriched among down-regulated genes.  Plants commonly respond to drought by closing stomata 

to reduce water loss, concomitantly reducing photosynthesis and thus carbon available for 

growth (Lipiec et al., 2013).  Specific genes among the 67 down-regulated candidate genes 

(Table 4-S1) included lipase 3 (m01oak49117CC) and growth-regulating factor 4 

(m01oak06061CC) which may play roles in growth, malectin (m01oak22966Jc) which balances 

growth and defense, protein kinase superfamily protein (m01oak22973cC) which functions in 

signal transduction, and ankyrin repeats (m01oak22416CF) involved in chloroplast 

differentiation and plant development (Sharma & Pandey, 2016). Unexpectedly, a peroxidase 

superfamily protein (m01oak00938Ct) was also down-regulated, despite its known role in 

scavenging ROS formed during drought stress.  In addition, GO categories related to the 

endomembrane system including the endoplasmic reticulum, golgi apparatus, plasma membrane, 

transmembrane transport activity, and transferase activity were also enriched among down-

regulated genes, which is reasonable given that the endomembrane system is involved in normal 

growth and development (Carter et al., 2004).  However, membrane trafficking via the 

endomembrane system is also used to transmit ABA-dependent and –independent signals during 

drought stress, and thus, may not have propagated the drought response here.  Specific genes 
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(Table 4-S2) linked to the endomembrane system include adaptin N terminal region 

(m01oak06017cF), polynucleotidyl transferase (m01oak07570Cf), and endomembrane protein 

70 protein family (m01oak01786CC). Notably, there were slightly more down-regulated than up-

regulated genes in response to drought which has been reported in other studies (Long et al., 

2014; Ma et al., 2015; Pucholt et al., 2015) and may reflect a preponderance of processes being 

shut down with water stress.   

 The unique control genes were enriched for many fewer gene ontology categories, which 

is expected given that they were not subjected to an explicit stimulus.  Up-regulated control 

genes were moderately enriched for the response to chitin GO term, which is likely related to 

powdery mildew in the greenhouse.  Up-regulated drought genes did not share this response, 

which may be related to impaired pathogen defense in drought-stressed individuals (Bréda et al., 

2006).  Interestingly, water-stressed individuals showed down-regulation of three genes with 

leucine rich repeat domains (m01oak27842CF, m01oak27842CF, m01oak22860Ci) 

characteristic of pathogen resistance genes (Jones & Dangl, 2006).  Among the 198 down-

regulated genes unique to controls, three GO categories were enriched related to substrate-

specific transporter activity and transmembrane transporter activity.  Transporters are involved in 

ABA transport during drought stress (Jarzyniak & Jasinski, 2014), redistributing photosynthetic 

assimilates, ion, nutrients, and other substrates throughout the plant for growth, development, 

and defense (Fox & Guerinot, 1998; Ortiz-Lopez et al., 2000; Kang et al., 2011).  They may also 

function in sequestering heavy metal toxins (Mark, 2011), suggesting that control seedlings may 

have decreased their detoxification response to powdery mildew treatment early on.  Despite the 

concurrent, unintended infection by powdery mildew, genes involved in a shared drought 

response are largely consistent with other studies. 
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Variable Drought Response Genes Confer Adaptive Potential to Future Drought—A major 

finding of our study was the identification of 70 genes that exhibited variable gene expression in 

response to drought (treatment × time × maternal family interaction).  If individuals within a 

population harbor variation in plastic gene expression responses to water stress, this may 

increase the potential for an adaptive evolutionary response to changing climate.  Interestingly, 

RNA elongation was the most enriched GO category, followed by photosynthesis, generation of 

precursor metabolites and energy, multiple biosynthetic and metabolic processes, chloroplasts, 

and mitochondria.  This suggests that this population of Quercus douglasii seedlings harbors 

variation in key responses to drought, which center around tight coordination among gene 

regulation, photosynthesis, and energy metabolism.  The effectiveness of the drought response 

may depend on how plants perceive drought stress signals and respond via changes in gene 

expression.  Consistent with this, we detected differential genes involved in transcription, 

translation, and replication, including multiple RNA polymerases, ribosomal proteins, a nucleic 

acid-binding protein (m01oak29772ct), organellar DNA polymerase type B (m01oak53163Ct), 

and an integrase-type DNA-binding protein (m01oak18026CM) (Table 4-S2).  Additionally, 

closing stomata to reduce water loss during drought stress can cause an imbalance in 

photosynthesis where electrons can reduce compounds such as NADPH in the light-dependent 

reactions, but carbon dioxide limitation slows the use of these compounds in the light-

independent reactions (Reddy et al., 2004; Bhargava & Sawant, 2012).  As these reduced 

compounds accumulate, they can in turn reduce molecular oxygen (or molecular oxygen itself 

can accept electrons directly from photosystem I), leading to the production of highly destructive 

reactive oxygen species (ROS).  In response to excess electrons, plants may employ the 
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xanthophyll cycle to dissipate thermal energy, disassemble light-harvesting complexes, or 

destroy D1 and D2 proteins in photosystem II (Bhargava & Sawant, 2012), although 

photosystem II tends to be resilient in oaks except under extreme drought stress (Dickson & 

Tomlinson, 1996).  Furthermore, mitochondria contribute to an adaptive response by providing 

NADPH dehydrogenases that deplete excess NADPH, as well as siphoning electrons to the 

alternative oxidase pathway which inhibits ROS production (Bhargava & Sawant, 2012).  

Interestingly, our top 70 varible response genes (Table 4-S2) include PSII reaction center 

proteins B (m01oak18026CM-), D (m01oak15029Ct) and G (m01oak20623cc), photosynthetic 

electron transfer A (m01oak19668Cm), NADH dehydrogenase (m01oak37540Jt, 

m01oak51533JC), and multiple dehydrogenase subunits (m01oak28417jm, m01oak35097Jc, 

m01oak00657cm, m01oak19434Cm, m01oak24963Ct), suggesting differential regulation of 

photosynthesis and metabolism among maternal families.  Differential expression of NADH-

ubiquinone/ plastoquinone (m01oak29051jc), multiple ATP synthase proteins, and cytochrome C 

assembly protein (m01oak62827cf) further suggest differential regulation of energy metabolism.  

Consistent with other studies, ATP synthase was up-regulated in the drought-tolerant genotype 

of Tibetan barley (Wang et al., 2015), while NADH-dehydrogenase and –

ubiquinone/plastoquinone were differentially expressed between poplar genotypes with different 

photosynthetic rates (Wang et al., 2014).  Thus, differential regulation of gene expression, 

photosynthesis, and energy metabolism may increase the adaptive potential of a population 

responding to drought as climate changes. 

 

Baseline Differentiation in Gene Expression Among Maternal Families—We identified 591 

genes with differential expression among maternal families before drought treatment was 
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introduced.  These genes were enriched for functions related to DNA replication, methylation, 

biosynthesis of aromatic compounds, regulation of defense response, and stress response.  These 

genes may represent standing gene expression variation within a population for processes related 

to growth, gene regulation, and stress response against powdery mildew, potential insects, or any 

other abiotic stresses in the greenhouse.  While not drought-related, this variation represents 

population-level variation in plasticity, which would allow populations to adapt to changing 

conditions.  Gene expression of seedlings within a family tend to cluster together, reflecting 

either a genetic basis to gene expression plasticity, or maternal effects on offspring phenotype.  

Variable genetic backgrounds across families may shape transcriptional response to drought.   

 

Caveats—This study presents one picture of how blue oak seedlings might respond to short-term 

drought, but the findings may not be representative of the extended periods of drought endured 

by seedlings under natural conditions.  Nonetheless, our introduction of a drought-hardening 

period as a means to capture acclimated responses of seedlings to drought stress presents a 

scenario that seedlings would face in nature and should be deployed in soil-drying experiments.  

It is reassuring that our experiment identifies genes consistent with drought response in other 

studies.  Second, it is not possible to determine whether the gene expression differences among 

maternal families are genetically-based or whether they are influenced by maternal effects, 

wherein stresses endured by the maternal tree influence offspring performance. However, 

because maternal trees are from the same population, they likely endured similar environmental 

stresses in the field, and thus all seedlings would be similarly affected.  Third, powdery mildew 

was an unintended, potential confounding factor that, together with chemical treatment, could 

affect seedling gene expression.  Nevertheless, shared and variable water stress-responsive genes 
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were still consistent with commonly identified drought response genes.  Moreover, although we 

did detect disease resistance genes, it is interesting to note that drought-stressed seedlings 

exhibited lower expression of these genes, perhaps reflective of impaired ability of stressed 

seedlings to Fight infection.  Finally, we have sampled single leaves although sampling multiple 

leaves and tissue types could reduce noise among seedlings and elucidate how water stress 

differentially affects the plant as a whole.   

 

CONCLUSION 

 Our work demonstrates how a widely distributed drought tolerant oak tree in California 

responds immediately to early drought stress via phenotypically plastic changes in gene 

expression.  We identify a suite of genes that respond to water deficit consistently across 

maternal families that may reflect conserved responses shaped by the past climate environment.  

We further identify a small panel of variably expressed genes involved in gene regulation, 

photosynthesis, and energy metabolism, which are known to respond to water limitation in 

plants, and thus variation may increase the adaptive potential of the population to respond to 

increasing drought stress with climate change.  Standing genetic variation for drought response 

may be critical, as California faces increased drought risk over the next century.  Future studies 

with Q. douglasii should associate the expression of these variable candidate genes to 

physiological changes, as a means to link transcription with variation at the phenotypic level.  

This could be followed by testing for fitness differences among varying drought response 

phenotypes under different watering regimes.  Together, genetic, phenotypic, and fitness studies 

could help to identify which genotypes will be successful under future climate scenarios and 
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assess whether natural populations harbor variants that will facilitate an adaptive response to an 

increasingly dry climate. 
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APPENDIX 

Table 4-S1.  101 top drought candidate genes, in order of significance.  Base mean gene counts, log2-fold change from Time 1 to Time 2 in drought seedlings, 
and adjusted p-values are reported from DESeq2 analysis.  TAIR10 and PFAM IDs are reported where applicable, along with their respective gene symbols, 
protein/domain names, and function/involvement from the TAIR10 database. 

 
Quercus ID Base 

Mean 
log2 
Fold 
Change 

padj TAIR10 or 
PFAM ID 

Gene Symbol Protein or Domain Name Function/ 
Involvement 

m01oak49117C
C-t01.1T 

45.36 -1.09 3.90E-07 AT3G14360, 
F:PF01764 

Lipase_3 alpha/beta-Hydrolases superfamily 
protein ~ Lipase (class 3) 

triglyceride lipase 
activity; lipid 
metabolic process 

m01oak22966Jc
-t01.1T 

23.48 -1.08 4.27E-07 D:PF11721 Malectin Di-glucose binding within 
endoplasmic reticulum 

 

m01oak04949c
C-t01.1T 

752.83 0.21 1.97E-06 AT5G51280, 
D:PF00270, 
F:PF00271 

DEAD Helicase_C DEAD-box protein abstrakt, putative 
~ DEAD/DEAH box helicase ~ 
Helicase conserved C-terminal 
domain 

helicase activity, zinc 
ion binding, ATP-
dependent helicase 
activity, nucleic acid 
binding, ATP binding 

m01oak09743cf
-t01.1T 

75.07 -0.56 2.94E-06 AT1G60660, 
D:PF00173 

CB5LP, Cyt-b5 cytochrome B5-like protein ~ 
Cytochrome b5-like Heme/Steroid 
binding domain 

 

m01oak01127cf
-t01.1T 

106.32 -0.76 2.96E-06   unknown  

m01oak11597j
C-t01.1T 

173.74 0.41 4.92E-06 AT4G23540, 
D:PF08161 

NUC173 ARM repeat superfamily protein ~ 
NUC173 domain 

binding 

m01oak16301c
F-t01.1T 

91.50 -0.73 1.05E-05 F:PF05183 RdRP RNA dependent RNA polymerase  

m01oak27842C
F-t01.1T 

42.62 -0.87 1.28E-05 D:PF13191, 
D:PF05729, 
r:PF13855, 
D:PF00931 

AAA_16, CHT, 
LRR_8, NB-ARC 

AAA ATPase domain ~ NACHT 
domain ~ Leucine rich repeat ~ NB-
ARC domain 

 

m01oak03490C
C-t01.1T 

424.09 -0.36 1.40E-05 AT4G27080, 
F:PF07970, 
D:PF13850, 
D:PF00085 

PDIL5-4, 
COPIIcoated_ERV 
ERGIC_N 
Thioredoxin 

PDI-like 5-4 ~  Endoplasmic 
reticulum vesicle transporter ~ 
Endoplasmic Reticulum-Golgi 
Intermediate Compartment (ERGIC) ~ 
Thioredoxin 

 

m01oak09469C 2396.20 0.52 1.81E-05 AT3G09640, APX2, peroxidase ascorbate peroxidase 2 ~ Peroxidase  
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Quercus ID Base 
Mean 

log2 
Fold 
Change 

padj TAIR10 or 
PFAM ID 

Gene Symbol Protein or Domain Name Function/ 
Involvement 

C-t01.1T F:PF00141 
m01oak06017c
F-t01.1T 

184.37 -0.30 2.12E-05 F:PF01602 Adaptin_N Adaptin N terminal region  

m01oak33357jF
-t01.1T 

489.08 -1.57 3.07E-05   unknown  

m01oak22416C
F-t01.1T 

100.15 -0.73 3.22E-05 F:PF11834, 
D:PF07885, 
F:PF00520, 
D:PF00027, 
r:PF00023, 
F:PF12796 

DUF3354 
Ion_trans_2 
Ion_trans 
cNMP_binding Ank 
Ank_2  

Domain of unknown function 
(DUF3354) ~ Ion channel ~ Ion 
transport protein ~ Cyclic nucleotide-
binding domain ~ Ankyrin repeat ~ 
Ankyrin repeats (3 copies) 

 

m01oak12033cf
-t01.1T 

69.83 -1.61 3.43E-05 F:PF03140 DUF247  Plant protein of unknown function  

m01oak15536c
C-t01.1T 

211.18 0.36 3.80E-05 AT5G18140, 
D:PF00226 

DJ  Chaperone DnaJ-domain superfamily 
protein ~ DnaJ domain 

unfolded protein 
binding, heat shock 
protein binding; 
protein folding 

m01oak12442c
C-t01.1T 

263.75 0.41 4.14E-05 AT1G36320  unknown protein  

m01oak04728c
C-t01.1T 

110.90 -0.46 5.14E-05 AT1G26940, 
D:PF00160 

Pro_isomerase  Cyclophilin-like peptidyl-prolyl cis-
trans isomerase family protein ~ 
Cyclophilin type peptidyl-prolyl cis-
trans isomerase/CLD 

peptidyl-prolyl cis-
trans isomerase 
activity; protein 
folding 

m01oak07570C
f-t01.1T 

99.93 -0.47 5.24E-05 AT2G26970, 
F:PF00929 

Rse_T  Polynucleotidyl transferase, 
ribonuclease H-like superfamily 
protein ~ Exonuclease 

exonuclease activity, 
nucleic acid binding 

m01oak03948c
C-t01.1T 

66.64 -1.33 6.47E-05 F:PF03140 DUF247  Plant protein of unknown function  

m01oak05754c
C-t01.1T 

305.79 -0.38 6.51E-05 F:PF06813, 
F:PF07690 

Nodulin-like MFS_1  Nodulin-like ~ Major Facilitator 
Superfamily 

 

m01oak05486C
C-t01.1T 

3942.15 -1.88 7.29E-05 F:PF03181 BURP  BURP domain  

m01oak15805c
m-t01.1T 

3604.57 -1.53 8.11E-05 ATCG00180, 
D:PF05000, 
D:PF04997, 
D:PF04998, 
D:PF00623, 

RPOC1, 
R_pol_Rpb1_4 
R_pol_Rpb1_1 
2x:R_pol_Rpb1_5 
R_pol_Rpb1_2 

DNA-directed RNA polymerase 
family protein ~ RNA polymerase 
Rpb1, domain 4 ~ RNA polymerase 
Rpb1, domain 1 ~ RNA polymerase 
Rpb1, domain 5 ~ RNA polymerase 
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Quercus ID Base 
Mean 

log2 
Fold 
Change 

padj TAIR10 or 
PFAM ID 

Gene Symbol Protein or Domain Name Function/ 
Involvement 

D:PF04983  R_pol_Rpb1_3  Rpb1, domain 2 ~ RNA polymerase 
Rpb1, domain 3 

m01oak01786C
C-t01.1T 

1206.75 -0.35 8.15E-05 AT5G35160, 
F:PF02990 

EMP70  Endomembrane protein 70 protein 
family ~ Endomembrane protein 70 

 

m01oak08909C
C-t01.1T 

67.83 -1.84 9.97E-05 F:PF01501 Glyco_transf_8  Glycosyl transferase family 8  

m01oak06810C
C-t01.1T 

156.57 -1.11 1.04E-04 AT1G75500, 
F:PF00892 

WAT1, 2x:EamA  Walls Are Thin 1 ~ EamA-like 
transporter family 

encodes a plant-
specific, predicted 
integral membrane 
protein; member of the 
Plant-Drug/Metabolite 
Exporter (P-DME) 
family 

m01oak29122C
I-t01.1T 

566.69 -1.42 1.06E-04   unknown  

m01oak28316C
C-t01.1T 

29.26 -0.78 1.20E-04 AT4G12390, 
D:PF04043  

PMEI  pectin methylesterase inhibitor 1 ~ 
Plant invertase/pectin methylesterase 
inhibitor 

enzyme inhibitor 
activity, pectinesterase 
inhibitor activity, 
pectinesterase activity 

m01oak13224C
C-t01.1T 

234.23 0.28 1.20E-04 AT1G32340, 
D:PF05773, 
F:PF01485, 
D:PF13639 

NHL8, RWD 
2x:IBR zf-RING_2  

NDR1/HIN1-like 8 ~ RWD domain ~ 
IBR domain ~ Ring finger domain 

 

m01oak12657C
C-t01.1T 

36.22 -0.79 1.31E-04 AT3G26430, 
F:PF00657  

Lipase_GDSL  GDSL-like Lipase/Acylhydrolase 
superfamily protein ~ GDSL-like 
Lipase/Acylhydrolase 

hydrolase activity, 
acting on ester bonds, 
carboxylesterase 
activity; lipid 
metabolic process 

m01oak19449cf
-t01.1T 

73.38 -0.76 1.32E-04 r:PF13855, 
D:PF00931 

LRR_8 NB-ARC  Leucine rich repeat ~ NB-ARC 
domain 

 

m01oak12631c
C-t01.1T 

514.33 0.43 1.53E-04 AT5G63380, 
D:PF13193, 
F:PF00501 

AMP-binding_C 
AMP-binding  

AMP-dependent synthetase and ligase 
family protein ~ AMP-binding 
enzyme C-terminal domain ~ AMP-
binding enzyme 

putative involvement 
in peroxisomal beta-
oxidation steps of 
jasmonic acid 
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Quercus ID Base 
Mean 

log2 
Fold 
Change 

padj TAIR10 or 
PFAM ID 

Gene Symbol Protein or Domain Name Function/ 
Involvement 

biosynthesis 

m01oak05681c
C-t01.1T 

962.06 -0.25 1.58E-04 AT1G71010, 
F:PF01504, 
F:PF00118 

FAB1C, PIP5K 
Cpn60_TCP1  

FORMS APLOID AND 
BINUCLEATE CELLS 1C ~ 
Phosphatidylinositol-4-phosphate 5-
Kinase ~ TCP-1/cpn60 chaperonin 
family 

 

m01oak12585Ji
-t01.1T 

447.92 -1.50 2.32E-04   unknown  

m01oak15152C
C-t01.1T 

98.58 0.40 2.35E-04 AT2G28130  unknown  

m01oak07328C
F-t01.1T 

101.03 0.39 2.36E-04 AT2G25355  PNAS-3 related N-terminal protein 
myristoylation 

m01oak22860C
i-t01.1T 

43.35 -1.37 2.36E-04 r:PF13504, 
r:PF00560 

LRR_7 2x:LRR_1  Leucine rich repeat ~ Leucine Rich 
Repeat 

 

m01oak29858C
i-t01.1T 

60.69 -1.37 2.37E-04   unknown  

m01oak49241C
t-t01.1T 

47.14 -1.07 2.48E-04   unknown  

m01oak18863C
t-t01.1T 

105.66 -1.21 2.75E-04 F:PF00664, 
D:PF00005 

2x:ABC_membrane 
2x:ABC_tran  

ABC transporter transmembrane 
region ~ ABC transporter 

 

m01oak55759C
F-t01.1T 

67.27 -1.12 3.89E-04   unknown  

 
m01oak24424C
f-t01.1T 

 
37.78 

 
0.84 

 
4.38E-04 

 
F:PF03552 

 
2x:Cellulose_synt  

 
Cellulose synthase 

 

m01oak19253c
C-t01.1T 

70.07 -0.43 5.87E-04 D:PF00931 NB-ARC  NB-ARC domain  

m01oak17085C
C-t01.1T 

87.27 0.44 7.20E-04   unknown  

m01oak00938C
t-t01.1T 

102.07 -0.71 9.22E-04 AT1G05260, 
F:PF00141 

RCI3, peroxidase  Peroxidase superfamily protein ~  
Peroxidase 

stress response to 
temperature 

m01oak05513c
T-t01.1T 

693.48 -0.56 9.28E-04 D:PF00436 SSB  Single-strand binding protein family  

m01oak65132Jc
-t01.1T 

26.82 -1.20 1.04E-03   unknown  

m01oak09043C 89.59 -0.82 1.21E-03   unknown  
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Quercus ID Base 
Mean 

log2 
Fold 
Change 

padj TAIR10 or 
PFAM ID 

Gene Symbol Protein or Domain Name Function/ 
Involvement 

I-t01.1T 
m01oak14949c
C-t01.1T 

28.81 -0.61 1.25E-03 D:PF14634, 
D:PF13920, 
D:PF13923, 
D:PF00097, 
D:PF13639 

zf-RING_5 zf-
C3HC4_3 zf-
C3HC4_2 zf-
C3HC4 zf-RING_2  

zinc-RING finger domain ~ Zinc 
finger, C3HC4 type (RING finger) ~ 
Zinc finger, C3HC4 type (RING 
finger) ~ Zinc finger, C3HC4 type 
(RING finger) ~ Ring finger domain 

 

m01oak26967c
F-t01.1T 

52.53 0.94 1.26E-03   unknown  

m01oak05794c
C-t01.1T 

4487.90 0.25 1.28E-03 AT5G64170  dentin sialophosphoprotein-related  

m01oak13005C
T-t01.1T 

80.63 0.37 1.30E-03 F:PF04227 Indigoidine_A  Indigoidine synthase A like protein  

m01oak46275C
T-t01.1T 

41.36 -0.60 1.31E-03 D:PF00005 ABC_tran  ABC transporter  

m01oak04926C
C-t01.1T 

764.39 -0.23 1.43E-03 AT1G20760, 
F:PF12763, 
D:PF13202 

EF-hand_4 2x:EF-
hand_5  

Calcium-binding EF hand family 
protein ~ Cytoskeletal-regulatory 
complex EF hand ~ EF hand 

calcium ion binding 

m01oak05214C
T-t01.1T 

939.43 0.33 2.49E-03 D:PF00348 polyprenyl_synt  Polyprenyl synthetase  

m01oak16817C
I-t01.1T 

66.46 -1.10 2.51E-03   unknown  

m01oak16293c
F-t01.1T 

132.26 0.75 3.21E-03 D:PF00067 p450  Cytochrome P450  

m01oak24120C
i-t01.1T 

67.74 0.33 3.93E-03 AT3G28410  F-box/RNI-like superfamily protein  

 
 
m01oak49124cf
-t01.2T 

 
 

56.33 

 
 

-0.62 

 
 

4.13E-03 

 
 
D:PF13966, 
F:PF00078 

 
 
zf-RVT RVT_1  

 
 
zinc-binding in reverse transcriptase ~ 
Reverse transcriptase (RNA-
dependent DNA polymerase) 

 

m01oak22209C
C-t01.1T 

472.67 0.24 4.38E-03 AT5G22510, 
D:PF12899 

INV-E, 
Glyco_hydro_100  

alkaline/neutral invertase ~ Alkaline 
and neutral invertase 

development of the 
photosynthetic 
apparatus and nitrogen 
assimilation in 
seedlings to control 
the sucrose to hexose 
ratio 
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Quercus ID Base 
Mean 

log2 
Fold 
Change 

padj TAIR10 or 
PFAM ID 

Gene Symbol Protein or Domain Name Function/ 
Involvement 

m01oak15400ct
-t01.1T 

142.02 0.25 4.42E-03 AT2G44970  alpha/beta-Hydrolases superfamily 
protein 

hydrolase activity, 
acting on ester bonds; 
intracellular protein 
transport, GPI anchor 
metabolic process 

m01oak16047C
C-t01.1T 

114.30 -0.86 4.86E-03 AT3G20015, 
D:PF14543, 
D:PF14541, 
F:PF00026 

TAXi_N TAXi_C 
Asp  

Eukaryotic aspartyl protease family 
protein ~ Xylanase inhibitor N-
terminal ~ Xylanase inhibitor C-
terminal ~ Eukaryotic aspartyl 
protease 

aspartic-type 
endopeptidase activity; 
proteolysis 

m01oak15479c
F-t01.1T 

165.49 -0.52 5.54E-03 D:PF12041, 
F:PF03514 

DELLA GRAS  Transcriptional regulator DELLA 
protein N terminal ~ GRAS domain 
family 

 

m01oak13966C
C-t01.1T 

92.89 -0.43 5.63E-03 F:PF02453, 
F:PF01073 

Reticulon 
3Beta_HSD  

Reticulon ~ 3-beta hydroxysteroid 
dehydrogenase/isomerase family 

 

m01oak20638C
C-t01.1T 

98.59 0.38 5.66E-03 AT2G32120, 
F:PF00012 

HSP70T-2, HSP70  heat-shock protein 70T-2 ~ Hsp70 
protein 

ATP binding; protein 
folding, response to 
high light intensity, 
response to hydrogen 
peroxide, response to 
heat 

m01oak10422c
C-t01.1T 

1061.44 0.39 5.90E-03 D:PF13641, 
F:PF03552 

Glyco_tranf_2_3 
2x:Cellulose_synt  

Glycosyltransferase like family 2 ~ 
Cellulose synthase 

 

m01oak00780C
C-t01.1T 

1601.90 0.13 6.04E-03 D:PF07724, 
F:PF05496, 
D:PF07728, 
F:PF00004 

AAA_2 RuvB_N 
AAA_5 AAA  

AAA domain (Cdc48 subfamily) ~ 
Holliday junction DNA helicase ruvB 
N-terminus ~ AAA domain (dynein-
related subfamily) ~ ATPase family 
associated with various cellular 
activities (AAA) 

 

m01oak12447C
C-t01.1T 

46.94 -0.73 6.22E-03 AT1G29300, 
F:PF04859 

UNE1, DUF641  Plant protein of unknown function 
(DUF641) ~ Plant protein of unknown 
function (DUF641) 

 

m01oak05445ci
-t01.1T 

1738.88 -0.14 6.85E-03 AT3G13330 PA200 proteasome activating protein 200  

m01oak00665c
C-t01.1T 

957.05 0.25 7.27E-03 D:PF00244 14-3-3  14-3-3 protein  
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Quercus ID Base 
Mean 

log2 
Fold 
Change 

padj TAIR10 or 
PFAM ID 

Gene Symbol Protein or Domain Name Function/ 
Involvement 

 
 
m01oak24164C
C-t01.1T 

 
 

37.64 

 
 

-0.61 

 
 

7.76E-03 

 
 
AT5G65590, 
F:PF02701 

 
 
zf-Dof  

 
 
Dof-type zinc finger DNA-binding 
family protein ~ Dof domain, zinc 
finger 

 
 
DNA binding, 
sequence-specific 
DNA binding 
transcription factor 
activity; regulation of 
transcription 

m01oak06061C
C-t01.1T 

24.38 -0.82 8.41E-03 AT3G52910, 
D:PF08880, 
D:PF08879 

GRF4, QLQ WRC  growth-regulating factor 4 ~ QLQ ~ 
WRC 

leaf development 

m01oak13003c
C-t01.1T 

101.16 -0.62 9.20E-03 AT4G38690, 
F:PF00388 

PI-PLC-X  PLC-like phosphodiesterases 
superfamily protein ~ 
Phosphatidylinositol-specific 
phospholipase C, X domain 

phospholipase C 
activity, phosphoric 
diester hydrolase 
activity; intracellular 
signaling pathway, N-
terminal protein 
myristoylation, lipid 
metabolic process 

m01oak09511C
f-t01.1T 

183.64 -0.24 9.23E-03 AT5G54440 CLUB CLUB cell plate assembly 
during cytokinesis 

m01oak31715ci
-t01.1T 

48.73 -0.79 9.24E-03 D:PF13976 gag_pre-integrs  GAG-pre-integrase domain  

m01oak12332C
C-t01.1T 

149.02 -1.17 9.43E-03 F:PF03140 DUF247  Plant protein of unknown function  

m01oak10994C
c-t01.1T 

424.66 0.22 1.06E-02 r:PF00400 3x:WD40  WD domain, G-beta repeat  

m01oak07257C
C-t01.1T 

55.07 0.36 1.08E-02 AT2G15270, 
F:PF06658 

DUF1168  Protein of unknown function 
(DUF1168) 

 

m01oak12732c
C-t01.1T 

244.53 -0.26 1.15E-02 F:PF06241 DUF1012  Protein of unknown function 
(DUF1012) 

 

m01oak26644c
c-t01.1T 

19.78 -0.65 1.17E-02 D:PF00385 Chromo  Chromo (CHRromatin Organisation 
MOdifier) domain 

 

m01oak49204Ji
-t01.1T 

66.37 -0.42 1.19E-02   unknown  

m01oak50412C
C-t01.1T 

36.29 -0.50 1.73E-02 D:PF00009, 
D:PF00071, 

GTP_EFTU Ras 
Miro Arf  

Elongation factor Tu GTP binding 
domain ~ Ras family ~ Miro-like 
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Quercus ID Base 
Mean 

log2 
Fold 
Change 

padj TAIR10 or 
PFAM ID 

Gene Symbol Protein or Domain Name Function/ 
Involvement 

F:PF08477, 
D:PF00025  

protein ~ ADP-ribosylation factor 
family 

m01oak06371C
C-t01.1T 

126.39 -1.09 1.92E-02 AT2G44930, 
F:PF03140 

DUF247  Plant protein of unknown function 
(DUF247) 

 

m01oak22973c
C-t01.1T 

96.35 -0.85 1.99E-02 AT2G05940, 
D:PF00069, 
D:PF07714 

Pkise Pkise_Tyr  Protein kinase superfamily protein ~ 
Protein kinase domain ~ Protein 
tyrosine kinase 

protein 
serine/threonine kinase 
activity, protein kinase 
activity, kinase 
activity, ATP binding; 
protein amino acid 
phosphorylation 

m01oak33124cf
-t01.1T 

47.27 -0.46 2.02E-02 F:PF01554 MatE  MatE  

m01oak16800C
C-t01.1T 

25.85 0.49 2.14E-02 F:PF01459 Porin_3  Eukaryotic porin  

m01oak30423cf
-t01.1T 

16.13 -0.63 2.30E-02   unknown  

m01oak06674C
C-t01.1T 

222.40 0.22 2.36E-02 AT5G42150, 
D:PF14497, 
D:PF00462, 
D:PF13409, 
D:PF13417, 
D:PF00043 

GST_C_3 
Glutaredoxin 
GST_N_2 
GST_N_3 GST_C  

Glutathione S-transferase family 
protein ~ Glutathione S-transferase, C-
terminal domain ~ Glutaredoxin ~ 
Glutathione S-transferase, N-terminal 
domain ~ Glutathione S-transferase, 
N-terminal domain ~ Glutathione S-
transferase, C-terminal domain 

electron carrier 
activity, protein 
disulfide 
oxidoreductase 
activity; cell redox 
homeostasis 

m01oak11924c
C-t01.1T 

204.69 0.44 2.68E-02 F:PF01554 2x:MatE  MatE  

m01oak40648C
i-t01.1T 

106.02 0.51 2.75E-02 D:PF00931 NB-ARC  NB-ARC domain  

m01oak08366C
T-t01.1T 

409.35 0.12 2.76E-02 D:PF08513 LisH  LisH  

m01oak02944c
C-t01.1T 

189.92 -0.26 2.87E-02 F:PF01762 Galactosyl_T  Galactosyltransferase  

m01oak07502c
F-t01.1T 

55.90 -0.36 3.16E-02 AT4G03560, 
F:PF00520, 
D:PF13499, 
D:PF13405 

TPC1, 2x:Ion_trans 
EF-hand_7 EF-
hand_6  

two-pore channel 1 ~ Ion transport 
protein ~ EF-hand domain pair ~ EF-
hand domain 

putative mediation of 
voltage-activated 
Ca(2+) influx 
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Quercus ID Base 
Mean 

log2 
Fold 
Change 

padj TAIR10 or 
PFAM ID 

Gene Symbol Protein or Domain Name Function/ 
Involvement 

m01oak25503c
C-t01.1T 

54.13 -0.84 3.49E-02 AT3G51970, 
F:PF13813, 
F:PF03062 

ASAT1, MBOAT_2 
MBOAT  

acyl-CoA sterol acyl transferase 1 ~ 
Membrane bound O-acyl transferase 
family ~ MBOAT, membrane-bound 
O-acyltransferase family 

acyltransferase activity 

m01oak07666C
C-t01.1T 

962.84 -0.15 3.62E-02 AT3G05680 EMB2016 embryo defective 2016 embryo development 
ending in seed 
dormancy 

m01oak05510C
C-t01.1T 

154.72 -0.27 3.95E-02 AT2G19880, 
F:PF00535, 
D:PF13506 

Glycos_transf_2 
Glyco_transf_21  

Nucleotide-diphospho-sugar 
transferases superfamily protein ~ 
Glycosyl transferase family 2 ~ 
Glycosyl transferase family 21 

ceramide 
glucosyltransferase 
activity 

m01oak01444C
T-t01.1T 

196.21 0.21 3.95E-02 F:PF00004 AAA  ATPase family associated with 
various cellular activities (AAA) 

 

m01oak03358C
C-t01.1T 

919.42 -0.76 4.06E-02 AT3G21240, 
D:PF13193, 
F:PF00501 

4CL2, AMP-
binding_C AMP-
binding  

4-coumarate:CoA ligase 2 ~ AMP-
binding enzyme C-terminal domain ~ 
AMP-binding enzyme 

last step of the general 
phenylpropanoid 
pathway 

m01oak15931j
C-t01.1T 

 
91.46 

 
0.28 

 
4.07E-02 

 
AT4G16570 

 
PRMT7 

 
protein arginine methyltransferase 7 

 
methyltransferase 
activity; protein amino 
acid methylation 

m01oak25070C
i-t01.1T 

28.24 -0.55 4.08E-02 D:PF02018 2x:CBM_4_9  Carbohydrate binding domain  

m01oak20686C
z-t01.1T 

70.16 0.30 4.38E-02   unknown  

m01oak11485C
C-t01.1T 

55.03 0.34 4.84E-02 AT4G23620, 
D:PF01386, 
D:PF14693 

Ribosomal_L25p 
Ribosomal_TL5_C  

Ribosomal protein L25/Gln-tRNA 
synthetase, anti-codon-binding 
domain ~ Ribosomal L25p family ~ 
Ribosomal protein TL5, C-terminal 
domain 

cobalt ion binding, 
zinc ion binding; 
translation 
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Table 4-S2. 70 variable expressed drought response genes (significant 3-way interaction among treatment, time, and maternal family), in order of significance.  
Base mean gene counts and adjusted p-values are reported from DESeq2 analysis.  TAIR10 and PFAM IDs are reported where applicable, along with their 
respective gene symbols, protein/domain names, and function/involvement from the TAIR10 database. 

 
Quercus ID Base 

Mean 
padj TAIR10 or 

PFAM ID 
Gene Symbol Protein or Domain Name Function/ 

Involvement 
m01oak29051jc
-t01.1T 

840.15 3.50E-06 F:PF00361  Oxidored_q1  NADH-Ubiquinone/plastoquinone 
(complex I), various chains 

 

m01oak31412C
c-t01.1T 

174.45 3.50E-06 ATMG00660 ORF149 unknown protein  

m01oak27958C
t-t01.1T 

103.45 6.69E-06   unknown  

m01oak53163C
t-t01.1T 

310.04 1.21E-05 F:PF03175  DNA_pol_B_2  DNA polymerase type B, organellar and 
viral 

 

m01oak26209cf
-t01.1T 

953.41 3.52E-05 ATMG00090, 
D:PF00189, 
F:PF00252  

RPS3, Ribosomal_S3_C 
Ribosomal_L16  

ribosomal protein S3 ~  Ribosomal 
protein S3, C-terminal domain ~ 
Ribosomal protein L16p/L10e 

structural 
constituent of 
ribosome, protein 
binding 

m01oak00213C
c-t01.1T 

3031.46 3.52E-05   unknown  

m01oak24773c
C-t01.2T 

2015.44 3.52E-05 F:PF05695 
F:PF00004  

2x:DUF825 AAA  Plant protein of unknown function 
(DUF825) ~ ATPase family associated 
with various cellular activities (AAA) 

 

m01oak30424C
t-t01.1T 

699.87 3.52E-05 D:PF00281  Ribosomal_L5  Ribosomal protein L5  

m01oak12748C
C-t01.1T 

439.22 3.69E-05 D:PF00177  Ribosomal_S7  Ribosomal protein S7p/S5e  

m01oak13861c
M-t01.1T 

1221.12 3.69E-05 ATCG00360, YCF3 Tetratricopeptide repeat (TPR)-like 
superfamily protein 

required for 
photosystem I 
assembly and 
stability 

m01oak32754j
C-t01.1T 

388.60 3.69E-05 ATMG00640, 
F:PF05405  

ORF25, Mt_ATP-synt_B  hydrogen ion transporting ATP 
synthases, rotational mechanism; zinc 
ion binding ~  Mitochondrial ATP 
synthase B chain precursor (ATP-
synt_B) 

encodes a plant b 
subunit of 
mitochondrial ATP 
synthase 
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Quercus ID Base 
Mean 

padj TAIR10 or 
PFAM ID 

Gene Symbol Protein or Domain Name Function/ 
Involvement 

m01oak29725c
C-t01.1T 

1160.66 3.69E-05 ATCG00190, 
F:PF04563, 
D:PF04561, 
D:PF04565, 
D:PF00562, 
D:PF04560  

RPOB, 
RNA_pol_Rpb2_1, 
RNA_pol_Rpb2_2, 
RNA_pol_Rpb2_3, 
RNA_pol_Rpb2_6, 
RNA_pol_Rpb2_7  

RNA polymerase subunit beta ~  RNA 
polymerase beta subunit ~ RNA 
polymerase Rpb2, domain 2 ~ RNA 
polymerase Rpb2, domain 3 ~ RNA 
polymerase Rpb2, domain 6 ~ RNA 
polymerase Rpb2, domain 7 

Chloroplast DNA-
dependent RNA 
polymerase B 
subunit 

m01oak42153C
c-t01.1T 

62.76 3.69E-05   unknown  

m01oak01009ci
-t01.1T 

12930.19 4.25E-05   unknown  

m01oak32639C
m-t01.1T 

217.40 4.25E-05   unknown  

m01oak36645jc
-t01.1T 

335.51 4.25E-05   unknown  

m01oak27097c
C-t01.2T 

667.82 4.43E-05 D:PF09378, 
D:PF00306, 
D:PF02874, 
F:PF00006  

HAS-barrel, ATP-
synt_ab_C ATP-
synt_ab_N ATP-synt_ab  

HAS barrel domain ~ ATP synthase 
alpha/beta chain, C terminal domain ~ 
ATP synthase alpha/beta family, beta-
barrel domain ~ ATP synthase 
alpha/beta family, nucleotide-binding 
domain 

 

m01oak00006jf
-t01.1T 

384189.72 4.73E-05   unknown  

m01oak19668C
m-t01.2T 

4260.19 5.54E-05 ATCG00500, 
F:PF02392, 
F:PF01039  

ACCD, Ycf4 
Carboxyl_trans  

acetyl-CoA carboxylase carboxyl 
transferase subunit beta ~  Ycf4 ~ 
Carboxyl transferase domain 

catalyzes the 
carboxylation of 
acetyl-CoA to 
produce malonyl-
CoA, the first step in 
fatty acid synthesis 

m01oak00006jf
-t01.2T 

10266.84 6.35E-05   unknown  

m01oak00020C
t-t01.1T 

39039.76 6.38E-05   unknown  

m01oak62827cf
-t01.1T 

29.98 8.08E-05 ATMG00960, 
F:PF01578  

CCB203, 
Cytochrom_C_asm  

Cytochrome C assembly protein ~  
Cytochrome C assembly protein 

putative heme lyase 
activity 

m01oak12462c
C-t01.1T 

1698.05 9.30E-05 D:PF00177  Ribosomal_S7  Ribosomal protein S7p/S5e  

m01oak52580C
t-t01.1T 

34.90 1.09E-04   unknown  
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Quercus ID Base 
Mean 

padj TAIR10 or 
PFAM ID 

Gene Symbol Protein or Domain Name Function/ 
Involvement 

m01oak19668C
m-t01.1T 

5136.16 1.72E-04 ATCG00540, 
D:PF01333  

PETA, Apocytochr_F_C  photosynthetic electron transfer A ~  
Apocytochrome F, C-terminal 

involved in 
photosynthetic 
electron transport 
chain 

m01oak01190C
c-t01.1T 

6215.15 1.82E-04   unknown  

m01oak00540c
C-t01.1T 

5990.30 2.20E-04 F:PF06628, 
D:PF00199  

Catalase-rel Catalase  Catalase-related immune-responsive ~ 
Catalase 

 

m01oak37540Jt
-t01.1T 

84.19 2.20E-04 F:PF00146  NADHdh  NADH dehydrogenase  

m01oak28417j
m-t01.2T 

34.13 2.27E-04   unknown  

m01oak38645ct
-t01.1T 

406.82 2.27E-04 F:PF13458, 
F:PF01094  

Peripla_BP_6 
ANF_receptor  

Periplasmic binding protein ~ Receptor 
family ligand binding region 

 

m01oak11410C
t-t01.1T 

253.46 2.35E-04   unknown  

m01oak19668C
m-t01.4T 

5325.69 2.65E-04 ATCG00480, 
D:PF00401, 
D:PF02823, 
D:PF00306, 
D:PF02874, 
F:PF00006  

PB, ATP-synt_DE ATP-
synt_DE_N, ATP-
synt_ab_C, ATP-
synt_ab_N, ATP-synt_ab  

ATP synthase subunit beta ~  ATP 
synthase, Delta/Epsilon chain, long 
alpha-helix domain ~ ATP synthase, 
Delta/Epsilon chain, beta-sandwich 
domain ~ ATP synthase alpha/beta 
chain, C terminal domain ~ ATP 
synthase alpha/beta family, beta-barrel 
domain ~ ATP synthase alpha/beta 
family, nucleotide-binding domain 

 

m01oak15805c
m-t01.1T 

3604.57 2.70E-04 ATCG00180, 
D:PF05000, 
D:PF04997, 
D:PF04998, 
D:PF00623, 
D:PF04983  

RPOC1, 
RNA_pol_Rpb1_4, 
RNA_pol_Rpb1_1, 
2x:RNA_pol_Rpb1_5, 
RNA_pol_Rpb1_2, 
RNA_pol_Rpb1_3  

RNA polymerase beta' subunit-1 ~  
RNA polymerase Rpb1, domain 4 ~ 
RNA polymerase Rpb1, domain 1 ~ 
RNA polymerase Rpb1, domain 5 ~ 
RNA polymerase Rpb1, domain 2 ~ 
RNA polymerase Rpb1, domain 3 

 

m01oak29772ct
-t01.1T 

230.25 2.78E-04 AT2G07715, 
D:PF00181, 
D:PF03947  

Ribosomal_L2, 
Ribosomal_L2_C  

Nucleic acid-binding, OB-fold-like 
protein ~  Ribosomal Proteins L2, RNA 
binding domain ~ Ribosomal Proteins 
L2, C-terminal domain 

structural 
constituent of 
ribosome; 
translation 

m01oak43751C
c-t01.1T 

567.51 3.03E-04   unknown  
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Quercus ID Base 
Mean 

padj TAIR10 or 
PFAM ID 

Gene Symbol Protein or Domain Name Function/ 
Involvement 

m01oak16022C
m-t01.2T 

1060.05 5.34E-04 ATCG00780, 
D:PF00238, 
F:PF00252  

RPL14, Ribosomal_L14, 
Ribosomal_L16  

ribosomal protein L14 ~  Ribosomal 
protein L14p/L23e ~ Ribosomal protein 
L16p/L10e 

constituent of the 
large subunit of the 
ribosomal complex 

m01oak15029C
t-t01.1T 

19044.85 5.34E-04 ATCG00270, 
F:PF00124, 
F:PF00421  

PSBD, Photo_RC, 
2x:PSII  

photosystem II reaction center protein D 
~  Photosynthetic reaction centre protein 
~ Photosystem II protein 

 

m01oak16022C
m-t01.1T 

463.03 5.34E-04 D:PF03947  Ribosomal_L2_C  Ribosomal Proteins L2, C-terminal 
domain 

 

m01oak15805c
m-t01.2T 

3079.37 5.69E-04 ATCG00160, 
D:PF00119, 
F:PF00318  

RPS2, ATP-synt_A, 
Ribosomal_S2  

ribosomal protein S2 ~  ATP synthase A 
chain ~ Ribosomal protein S2 

 

m01oak17387J
C-t01.1T 

11709.35 5.97E-04 ATCG00120, 
D:PF09378, 
D:PF00306, 
D:PF02874, 
F:PF00006  

ATPA, HAS-barrel, ATP-
synt_ab_C, ATP-
synt_ab_N, ATP-synt_ab  

ATP synthase subunit alpha ~  HAS 
barrel domain ~ ATP synthase 
alpha/beta chain, C terminal domain ~ 
ATP synthase alpha/beta family, beta-
barrel domain ~ ATP synthase 
alpha/beta family, nucleotide-binding 
domain 

catalyzes the 
conversion of ADP 
to ATP using the 
proton motive force 

m01oak20623c
c-t01.1T 

4175.31 1.05E-03 ATCG00430, 
F:PF00507, 
F:PF01058  

PSBG, Oxidored_q4, 
Oxidored_q6  

photosystem II reaction center protein G 
~  NADH-ubiquinone/plastoquinone 
oxidoreductase, chain 3 ~ NADH 
ubiquinone oxidoreductase, 20 Kd 
subunit\"" 

 

m01oak28417j
m-t01.1T 

197.95 1.06E-03 ATMG00580, 
F:PF00361  

NAD4, Oxidored_q1  NADH dehydrogenase subunit 4 ~  
NADH-Ubiquinone/plastoquinone 
(complex I), various chains 

 

m01oak00657c
m-t01.1T 

218670.63 1.16E-03   unknown  

m01oak15805c
m-t01.3T 

5871.74 1.16E-03 ATCG00140, 
F:PF00137  

ATPH, ATP-synt_C  ATP synthase subunit C family protein ~  
ATP synthase subunit C 

 

m01oak56014C
t-t01.1T 

150.77 1.19E-03   unknown  

m01oak32756C
t-t01.1T 

250.44 1.19E-03 ATMG00520, 
F:PF00146, 
F:PF01348, 
F:PF00078  

MATR, NADHdh 
Intron_maturas2, RVT_1  

Intron maturase, type II family protein ~  
NADH dehydrogenase ~ Type II intron 
maturase ~ Reverse transcriptase (RNA-
dependent DNA polymerase) 

 

m01oak00657c
m-t01.3T 

127600.05 1.19E-03     
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Quercus ID Base 
Mean 

padj TAIR10 or 
PFAM ID 

Gene Symbol Protein or Domain Name Function/ 
Involvement 

m01oak35097Jc
-t01.2T 

83.85 1.32E-03 F:PF00346  Complex1_49kDa  Respiratory-chain NADH 
dehydrogenase, 49 Kd subunit\"" 

 

m01oak40247Jc
-t01.1T 

30.12 1.64E-03   unknown  

m01oak00657c
m-t01.4T 

119912.37 1.83E-03   unknown  

m01oak23276c
c-t01.1T 

49.21 2.17E-03   unknown  

m01oak23357c
C-t01.1T 

516.92 2.35E-03 F:PF00909  Ammonium_transp  Ammonium Transporter Family  

m01oak00657c
m-t01.6T 

4434.21 2.68E-03 ATCG01110, 
F:PF00346  

NDHH, 
Complex1_49kDa  

NAD(P)H dehydrogenase subunit H ~  
Respiratory-chain NADH 
dehydrogenase, 49 Kd subunit 

 

m01oak00657c
m-t01.2T 

86900.93 2.70E-03 F:PF10839  DUF2647  Protein of unknown function (DUF2647)  

m01oak19434C
m-t01.2T 

193.53 2.77E-03   unknown  

m01oak17156ct
-t01.1T 

168.55 2.94E-03   unknown  

m01oak00003c
m-t01.1T 

302828.97 3.79E-03   unknown  

m01oak65195Jt
-t01.1T 

32.30 3.83E-03 ATMG00300, 
D:PF13976, 
D:PF00665, 
F:PF07727  

ORF145A, gag_pre-
integrs, rve RVT_2  

Gag-Pol-related retrotransposon family 
protein ~  GAG-pre-integrase domain ~ 
Integrase core domain ~ Reverse 
transcriptase (RNA-dependent DNA 
polymerase) 

 

 
m01oak51533J
C-t01.2T 

 
43.23 

 
3.83E-03 

 
F:PF00146  

 
NADHdh  

 
NADH dehydrogenase 

 

m01oak00003c
m-t01.2T 

16393.20 4.23E-03   unknown  

m01oak53327C
m-t01.1T 

65.42 4.31E-03   unknown  

m01oak19434C
m-t01.1T 

245.67 8.65E-03 F:PF00346  Complex1_49kDa  Respiratory-chain NADH 
dehydrogenase, 49 Kd subunit 

 

m01oak06049c
C-t01.1T 

390.83 1.35E-02 AT3G13490, 
D:PF01336, 
F:PF00152  

OVA5, tRNA_anti-codon, 
tRNA-synt_2  

Lysyl-tRNA synthetase, class II ~  OB-
fold nucleic acid binding domain ~ 
tRNA synthetases class II (D, K and N) 
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Quercus ID Base 
Mean 

padj TAIR10 or 
PFAM ID 

Gene Symbol Protein or Domain Name Function/ 
Involvement 

m01oak36116cf
-t01.1T 

49.56 1.67E-02 AT1G35910, 
F:PF02358  

Trehalose_PPase  Haloacid dehalogenase-like hydrolase 
(HAD) superfamily protein ~  
Trehalose-phosphatase 

catalytic activity, 
trehalose-
phosphatase 
activity; trehalose 
biosynthetic 
process, metabolic 
process 

m01oak06999C
C-t01.1T 

253.22 2.03E-02 AT3G16260, 
D:PF13691, 
D:PF12706, 
D:PF00753  

TRZ4, Lactamase_B_4, 
Lactamase_B_2, 
Lactamase_B  

tRNAse Z4 ~  tRNase Z endonuclease ~ 
Beta-lactamase superfamily domain ~ 
Metallo-beta-lactamase superfamily 

 

m01oak24963C
t-t01.1T 

64.14 2.27E-02 F:PF06455  NADH5_C  NADH dehydrogenase subunit 5 C-
terminus 

 

m01oak27623C
C-t01.1T 

29.13 3.83E-02 AT5G02580, 
D:PF09713  

A_thal_3526  Plant protein 1589 of unknown function 
~  Plant protein 1589 of unknown 
function (A_thal_3526) 

 

m01oak20016c
C-t01.1T 

60.10 4.06E-02   unknown  

m01oak08713C
t-t01.1T 

100.81 4.06E-02 AT1G01250, 
D:PF00847  

AP2  Integrase-type DNA-binding 
superfamily protein ~  AP2 domain 

 

m01oak18026C
M-t01.1T 

10234.16 4.06E-02 ATCG00680, 
F:PF00421  

PSBB, PSII  photosystem II reaction center protein B 
~  Photosystem II protein 
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Table 4-S3.  Number of differentially expressed genes at baseline (Time 1) between each pair of maternal families.  
Wald tests were used to evaluate pair-wise comparisons between maternal families. Counts above the diagonal 
represent up-regulated genes for the column sample relative to the row sample, while counts below the diagonal 
represent down-regulated genes for the row sample relative to the column sample.  The significance threshold was 
set to an adjusted p-value of 0.003 (Bonferonni correction for 15 pair-wise tests). While 437 genes were 
differentially expressed in total among pair-wise contrasts, 233 of these genes were non-overlapping among pairs.  
The total of 14,851 genes were compared. 

 
 QUDO1 QUDO2 QUDO5 QUDO7 QUDO9 QUDO10 

QUDO1 -- 10 10 19 18 8 

QUDO2 7 -- 8 13 12 8 

QUDO5 7 9 -- 53 19 9 

QUDO7 15 8 14 -- 13 9 

QUDO9 13 11 12 51 -- 20 

QUDO10 6 8 12 17 18 -- 
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Figure 4- S1.  Distribution of read counts per 48 samples after four filtering steps; 1) removing reads that fail to pass the Illumina quality filter, 2) removing 
adapter contamination, 3) trimming reads with quality < Phred 30 and resulting length < 20 bp, and 4) filtering low complexity reads.  Samples are clustered by 
lane.  QUDO_5-10_1_Control and QUDO_5-10_2_Control have uneven coverage due to a pipetting error before pooling samples but after ligating barcodes. 
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Figure 4- S2.  Norm-of-reaction plots for the top six unique control genes with the smallest adjusted p-values (A – 
F).  The regularized log transformed normalized gene counts are plotted for drought and control seedlings at time 1 
and time 2.  Select gene annotations are as follows A) m01oak49117CC-t01-1T: DYW family of nucleic acid 
deaminases ~ PPR repeat family, B) m01oak22966Jc-t01-1T: lipid phosphate phosphatase 3, C) m01oak04949cC-
t01-1T: mitochondrial fission ELM1, and D) m01oak09743cf-t01-1T: adenosine kinase, E) m01oak01127cf-t01-1T: 
yellow stripe like 3, and F) m01oak11597jC-t01-1T: AP2 domain. Complete annotations  with TAIR10 and Pfam 
orthologs can be found in the supplemental material.  Note that the scale on the y-axis varies. 
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