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ABSTRACT

Swede midge, Contarinia nasturtii Kieffer (Diptera: Cecidomyiidae), is an
invasive pest causing marketable losses on Brassica crops in the Northeastern United
States and throughout southern Canada. Heading brassicas, like cauliflower and
broccoli, are particularly susceptible because larvae feed concealed inside meristematic
tissues of the plant, where head formation occurs. Our work details the development of
a sustainable, affordable pest management tactic for swede midge — plant derived
repellents.

First, it was necessary to establish both a damage and marketability threshold for
swede midge, so we developed a technique to manipulate larval density of swede midge
on cauliflower, We asked: (1) What is the swede midge damage threshold? (2) How
many swede midge larvae can render cauliflower crowns unmarketable? and (3) Does
the age of cauliflower at infestation influence the severity of damage? We found that
even a single larva causes mild twisting and scarring rendering cauliflower
unmarketable 52% of the time, with more larvae causing more severe damage and
additional losses, regardless of cauliflower age at infestation. Repellency is an
important management approach to consider for swede midge.

Since the host range of specialist insects appears constrained by plant
phylogeny, we hypothesized that odors from less phylogenetically related plants would
be more repellent to swede midge. To test our hypothesis, we performed no-choice and
choice biological assays, asking: (1) How do essential oils from different plant species
influence midge densities on broccoli? (2) What is the relationship between
phylogenetic distance of non-host odors and larval densities on broccoli? Biological
assays identified multiple essential oils that reduced larval densities, and phylogenetic
analyses showed that less related plants were more effective.

In addition to the biological assays, we tested 15 essential oils for their ability to
repel gravid females from broccoli tissue in y-tube olfactometer assays. While most of
the essential oils reduced the frequency at which females chose host plant meristems,
wintergreen, thyme, lemongrass, eucalyptus lemon, garlic, cinnamon, and star anise
were most effective. Additionally, we used chemical fingerprints (physical/chemical
properties) from PubChem to compare the essential oil volatile compounds and develop
an index for their similarity. We found that physicochemical similarity was predictive
of repellency.

Finally, for repellency to be an effective, long-term strategy, it was important to
consider how and whether the repellent response of midges changes over time or
previous experience. In our final chapter, we performed electroantennography trials
testing how previous experience with garlic or eucalyptus lemon odor for one or 10 s
influences the neurophysiological response of swede midge to host (broccoli) or non-
host (garlic or eucalyptus lemon) odors. We asked: (1) Does previous experience with
garlic or eucalyptus lemon influence the physiological response of swede midge to host
or non-host odors? (2) Does the time of previous exposure to non-host odors influence
their physiological response to host or non-host odors? Our findings show that swede
midge, after 10 s of exposure to either repellent, was more responsive to repellents than
host compounds, suggesting that the effectiveness of repellents will not diminish over
time.
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INTRODUCTION AND JUSTIFICATION

Many invasive insect pests in agricultural systems are specialists (Pimentel,
1961), reunited with host plants that they have been adapting to for a long time (Chen
et al., 2015). Some insects that are specialized and feed cryptically on agricultural crops
are particularly difficult to control (Granett et al., 2001; Sama et al., 2012; Stuart et al.,
2012a; Zheng et al., 2014). For example, swede midge (Contarinia nasturtii), a recent
invader of North America (Hallett & Heal, 2001), feeds within the inner folds of
developing tissue of Brassica oleraceae, the host of this insect (Readshaw, 1966).
Contarinia nasturtii, is a fly within the family Cecidomyiidae, a group of galling insects
that are able to manipulate their host plants such that single individuals can cause
devastating losses to agricultural produce (Hartely & Lawton, 1992; Oates et al., 2016;
Roskam, 2005). Given that cryptic pests such as swede midge cannot be controlled by
foliar insecticides (Hallett et al., 2009), there is a critical need to develop alternative
management strategies that prevent these insects from locating and accepting their host
plants (Chen et al., 2011; Hallett, 2007). Although specialist insect herbivores are well-
adapted to detect their host plants, there are promising data suggesting that they can
also be repelled by particular non-host odors (Deletre et al., 2016; Maia & Moore,
2011; Isman, 2006; Katz et al., 2008; Li et al., 2015; Tang et al., 2012).

Insect behavioral responses to non-host odors are poorly understood (Barbosa et
al., 2009; Finch & Collier, 2000, 2012). The majority of the literature on specialist
insect olfaction has focused on how specialist herbivores identify and accept host plants

(Bruce et al., 2011; Bruce et al., 2005; Dicke, 2000; Linz et al., 2013). While we do



know that olfactory processes associated with host acceptance behavior are highly
specific (Christensen & Hildebrand, 2002; Hallem et al., 2006; Leal, 2013; Park et al.,
2002; Reisenman et al., 2016; Reisert & Restrepo, 2009), whether the same is true for
the detection and behavioral avoidance of non-host odors is unclear. If elucidated,
repellency could present an alternate route for sustainable pest control (Karg &
Suckling, 1999), by keeping potential pests out of agricultural settings. But what non-
host odors will repel a specialist herbivore?

We have found that a single swede midge larva can render a crop unmarketable
(Zuckerman, unpublished). Given that a single female is capable of ovipositing ~100
eggs in her lifetime (Readshaw, 1966), preventing this pest from ovipositing on
agricultural plants is critically important. Once established in a monocrop setting, this
pest becomes virtually impossible to eradicate (Chen et al., 2011). There is an
abundance of host plants, and, as an invasive species, the swede midge is without
natural enemies in the introduced range (Corlay et al., 2007; Lee, 2002; Liu & Stiling,
2006). Populations can rise rapidly (Stratton, pers. obs.). Additionally, vegetable
growers in the northeastern United States have limited options for control (Chen et al.,
2011). Conventional growers must resort to the use of systemic neonicotinoids and
calendar sprays of foliar insecticides (Hallett et al., 2009), effectively reversing
previously established integrated pest management protocols in this crop system.
Organic growers have fewer options, as no organic approved insecticides can manage
this pest (Chen et al., 2011). The recommended tactics for organic control are either

large scale crop rotations (Chen et al., 2009), or covering crops in specialty netting



(Chen et al., 2011; Hallett et al., 2009). Tactics that require large space or the purchase
of expensive equipment, respectively. If successful, repellency could effectively
remove this pest from agricultural landscapes, thus preventing adults from interacting
with crops (Deletre et al., 2016).

In nature, specialists must find their host plants while avoiding non-host plants
that they are incapable of consuming (Baur et al., 1998; Bruce, 2015; Bruce et al.,
2005; Pickett et al., 2012; Renwick & Radke, 1988). Olfaction plays a critical role in
allowing a specialist herbivore to find host plants in a complex mixture of non-host
odors (Bernays, 1998, 2001; Reisenman et al., 2016; Reisenman & Riffell, 2015).
While we know that plant volatiles attract specialist insect herbivores to their host
plants (Bruce et al., 2005), how certain non-host odors repel insects remains poorly
understood (Gadenne et al., 2016). It is believed that certain non-host plants could
provide associational resistance, reducing damage to focal plants, through repellent or
antifeedant cues (Barbosa et al., 2009; Tang et al., 2012). However, research on this
subject has been rather limited, with the most effective instances of repellency being
shown in lab trials where the non-host plant was manipulated in a way that increased
odor concentrations beyond what an insect would experience in nature (Finch &
Collier, 2000; Uvah & Coaker, 1984). For true repellency to occur, the non-host odors
must be sufficiently strong to cause oriented movement away from the odor source
before the insect has landed (Dethier et al., 1960; Finch & Collier, 2000). Plant
essential oils could provide a way to apply concentrated solutions of non-host odors to

agricultural plants in a monocrop setting.



Concentrated plant extracts have been studied for their repellent (Nerio et al.,
2010), antifeedant (Carpinella et al., 2003), and toxic (Lamiri et al., 2001) effects on
various species of insect pests, and are promoted as agricultural products with little or
no risk to the environment (Regnault-Roger et al., 2012). These products consist of the
low-weight compounds volatilized from plant tissue, and as such, contain large
quantities of the chemicals an insect will experience when perceiving a plant in flight
(Ganjewala & Luthra, 2010; Kumari et al., 2014; Regnault-Roger et al., 2012).
Essential oils could provide a way to diversify the odors present in an agricultural field,
while maintaining the production efficiency of a monocrop (Regnault-Roger et al.,
2012).

The evolutionary history of plants and specialist herbivores could inform
predictions about repellency. If specialist herbivores use volatiles to identify the
location of host plants, are odors from less related species more likely to be repellent?
Current approaches for selecting repellent or toxic plant essential oils appear to lack a
framework for selection. Without knowing which odors will likely repel a specialist,
the trial and error approach to identifying repellent compounds is greatly out-paced by
the established pesticide industry (Das, 2016). Phylogenetic relatedness, measured as
the evolutionary distance between two species to a common ancestor (Baum & Offner,
2008), can broadly characterize similarities and differences between plants (Chase et
al., 2016). While many plants share some compounds in common (Dudareva &
Pichersky, 2008; Dudareva et al., 2004; Nagegowda, 2010; Pichersky et al., 2006), the

concentrations and additional sub-components makes each odor profile unique (Bruce



et al., 2005). Phylogenetic relatedness of non-host plants and a specialist’s host could
provide predictions for repellency, but additional comparisons of the physical and
chemical properties of the specific compounds present in plant odors may be more
informative (Bakkali et al., 2008; Nylin et al., 2014). After all, plant volatiles are
detected from a distance (Beyaert et al., 2010; Beyaert & Hilker, 2014; Bruce &
Pickett, 2011).

Physicochemical traits, or rather, the physical structure and chemical properties
of the specific compounds present in host and non-host odors may be more informative
toward predictions for repellency (Hallem et al., 2006; Jefferis & Hummel, 2006;
Martin et al., 2013; Ramdya & Benton, 2010). A huge diversity of compounds can be
derived from the same biosynthetic pathway in different plants (Dudareva & Pichersky,
2008; Chen et al., 2003; Koeduka et al., 2009; Pichersky et al., 2006; Regnault-Roger et
al., 2012); and conversely, the same compounds can also arise from separate pathways
in different tissues of the same plant (Nagegowda, 2010). As mentioned, olfaction can
be a highly specific process, with structural conformations and chemical properties of
odors playing a key role in the ability of an herbivore to detect them. Are non-host
odors that are less physicochemically similar to a specialist’s host more likely to be
repellent? To our knowledge, no one has applied this approach to research focused on
repelling agricultural pests. In addition to phylogenetic relatedness, physicochemical
similarity could provide a predictive framework for repellency.

In order to determine if repellents can be sustainably used for pest control, it is

important to consider whether insects could become habituated to odors. Habituation is



a simple form of learning that weakens the behavioral response of an insect to a stimuli
(Engel & Wu, 2010; Fiala, 2007; Glanzman, 2011; Woollacott & Hoyle, 1977). While
habituation has been shown in a broad variety of insects (Barbarossa et al., 2007; Wood
et al., 1997), it is yet to be observed in a phytophagous specialist with a relatively short
life-span. If shown to occur, a specialist herbivore may eventually ignore odors that
initially induced repellent behavior (Wang et al., 2008), and feeding or oviposition on
focal plants will continue. For example, wheat plants that have been genetically
modified to express an aphid alarm pheromone, effectively repelled this pest in lab
trials (Bruce et al., 2015). However, when used in the field, the transgenic plant was
ineffective, likely because the aphids became ‘used’ to the odor (Cressey, 2015).
Evidence also suggests that the context of larval feeding can have an influence on adult
preferences (Groh & Meinertzhagen, 2010), by modifying the development of the adult
brain (Gregorio et al., 2015; Sant’Ana & Gregoério, 2016). If habituation has occurred
and offspring are oviposited on a host plant treated with non-host odor, those larvae
may develop into adults that prefer treated plants, rendering repellency ineffective
within a single generation. Alternate management tactics must provide growers with
effective pest control if they are going to be adopted (Tilman et al.,, 2011), and

habituation threatens the efficacy of repellency.



LITERATURE REVIEW
Invasive species threaten agriculture

The majority of phytophagous insects (~90%) are specialized on their host plant
(Futuyma & Agrawal, 2009). As the landscape continues to be filled with agricultural
production (Tilman et al., 2011), once diverse habitats will be removed and replaced with
a single plant species (Tilman et al., 2002). While the initial setting may not have
included a species of insect that can consume the introduced agricultural plant, a more
globalized world has led to an increase in the movement of species to new habitats (Essl
et al., 2011; Hulme, 2009; Pysek et al., 2010). Invasive species are those introduced
outside their native range by humans (Hulme, 2009). The spread of herbivorous species
coupled with an increasingly homogenous landscape (Chen, 2016), should clearly be a
cause of concern. Future pest management strategies must first focus on the ecology of
the target pest prior to making recommendations for management (Altieri, 1989; Altieri,
2002; Edwards et al., 1993). By focusing on the ecology of these insects for management
tactics, we may be able to avoid the harms caused to non-agricultural environments with
sustainable treatments grounded in ecological understanding (Altieri, 2002; Altieri, 1989;
Altieri & Nicholls, 2004; Edwards et al., 1993). Can repellency keep insect herbivores

out of agricultural systems?

Olfaction is highly specific
Odors have a large influence on specialist herbivore behavior (Dicke, 2000;

Gols et al., 2012; Hansson & Stensmyr, 2011; Kamala et al., 2014; Salazar et al., 2016).



Host plant identification and acceptance occurs amidst odors from different species
(Anton et al., 2007; Gadenne et al., 2016). Interestingly, the presence of certain odors has
been shown to have a variable impact on herbivore behavior, with some non-host odors
actually being repellent (Andow, 1991; Baraza et al., 2006; Cai et al., 2007; Mann et al.,
2011). There is, however, no consensus as to which compounds are most likely to repel
different species, and no characterization as to why odors from non-host plants may repel
specialist herbivores. Quantifying the likelihood of repellency with a metric such as
phylogenetic relatedness or physicochemical similarity between the plants or plant odors,
could provide insight toward applying this approach to other specialist pests.

The olfactory system plays a key role in host location and mate selection by
insects (Anton et al., 2007; Gadenne et al., 2016), with specific compounds having a
direct influence on their behavior (Carlson, 1996; Hallem et al., 2006; Hallem & Carlson,
2004; Knaden et al., 2012). Compounds that enter the sensillar lymph of the antennae
must be bound by odorant binding proteins that conceal hydrophobic residues allowing
these polar compounds to be transported across the aqueous barrier to interact with
olfactory receptor neurons that trigger behavioral responses (Leal, 2013). Each step in
this process is highly specific. Pores on the external surface of antennae provide
selectivity as to which compounds can enter the sensillar lymph (Keil, 1999), OBPs are
often only capable of binding a specific chemical structure (Leite et al., 2009; Li et al.,
2015), and receptor neurons will only transmit a response once an activation threshold
has been met (Jefferis & Hummel, 2006), meaning the odorants must be present at a

specific concentration to activate the transmission of action potentials (Hallem et al.,



2006). Accuracy is clearly an important component for insect olfaction. Extraneous odors
present at any stage in this process will be broken down and removed by degredation
enzymes (Bozzolan et al., 2014; Durand et al., 2010, 2011). While there is some evidence
that suggests odors can repel insects without triggering a neural response, the
mechanisms involved with their effect are largely unknown. An example of a compound
that is extremely effective at altering the behavior of an insect without activating neurons
is DEET (Katz et al., 2008). This compound has been shown to interact with ORNSs, but
rather than exciting a neural response, the molecule maintains the gated channel in a
closed state, so depolarization of the neuron cannot occur in the presence of behaviorally
relevant ligands (Ditzen et al., 2008). The work proposed here will not address the
molecular mechanism involved with repellency of EOs on C. nasturtii, but will serve as
an initial step toward identification of compounds that can be used as an alternate
management tactic for this pest. Including phylogenetic relatedness and physicochemical
similarity of the odors to C. nasturtii’s host could provide a metric from which
predictions can be made as to what range of compounds a specialist herbivore will likely
be able to detect.

Much is known about the cues associated with host identification and
acceptance by specialist herbivores, but much less is known about repellency. Why? A
potential explanation for this disparity is that the source of repellent compounds in nature
cannot be identified by observing where an insect lands. The source of attractive
compounds can be identified by observing insect behavior, but repellent compounds are

avoided (Krause et al., 2015). The source of the initial cue cannot easily be identified. If



this is the reason repellent compounds are difficult to identify, why not shift our focus
from the source of the odor to the destination within the insect? With a concrete
understanding of the biochemical processes underlying olfactory guided behavior, we
may be able to identify which odors are bound by receptors that trigger repellent
responses, but our most complete understanding of insect olfaction is in the model
system, Drosophila melanogaster, and frankly, we have only scratched the surface in this
insect (Benton, 2009). There is, however, an interesting example where this approach was
taken. Kamala et al. (2014) used computational techniques to predict which
semiochemicals would likely be able to bind with a general odorant binding protein
(proteins associated with the transport of odorant molecules to receptor neurons in the
antennae (Leal, 2013)). While this approach presents great potential for acceleration of
the identification of compounds that can be detected by insect antennae, the process
requires that the specific structure of the protein is known. This is not a trivial task
(Khoury et al., 2014). Currently, searching for “odorant binding protein” (OBP) on the
National Center for Biotechnology Information website (https://www.ncbi.nlm.nih.gov)
yields only 8,459 amino acid sequences associated with OBPs from ~40 taxa of insects.
The majority being from mosquitos and fruit flies. While these results continue to
expand, knowing the amino acid sequence for a protein does not mean we know the
conformation of the biologically active protein (Kelley & Sternberg, 2009). Although this
is a promising route for rapid identification of repellent compounds in the future, time is a
luxury we cannot afford to waste for sustainable food production (Sadras et al., 2015).

Instead, can we draw from what we know about the evolution of plants and insects to

10



accelerate the identification of repellent compounds?

Pesticides harm the environment

Synthetic pesticides are the most common approach for managing insect pests in
agriculture, with approximately 2.56 billion kg applied per year (Pretty, 2008). The
harmful impacts brought by pesticides on the surrounding environment have been
assessed and are quite substantial, causing harmful impacts to beneficial insects (Theiling
& Croft, 1988), aquatic habitats (Werf, 1996), soil microorganisms (Atlas et al., 1978),
and additional non-target effects that may be impossible to remedy (Leach & Mumford,
2008). An additional side effect associated with the extensive use of pesticides is
resistance (Dermauw et al., 2013; Feyereisen et al., 2015; Hemingway & Ranson, 2000;
Roush & Mckenzie, 1987; Tabashnik, 1994), meaning that the target pest is no longer
killed by the pesticide. As mentioned, agricultural systems have led to a homogenization
of natural habitats. Plants have defended themselves against insect herbivores for millions
of years (Mitter et al., 1991), yet in addition to homogenous landscapes, we are
homogenizing the compounds that manage pests (Carvalho, 2006). Essential oils could
provide a means of bringing diverse defensive compounds back into agricultural
landscapes (Deletre et al., 2016). The future of sustainable agriculture will depend on our
ability to devise alternative approaches for pest management that do not leave such a

devastating impact on the surrounding environment (Edwards et al., 1993).

Monocrops are not natural settings

Monocrops allow for mechanization of large scale food production (Bennett et al.,
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2012), providing a means to match the growing demand for food (Sadras et al., 2015).
However, they are not natural settings (Letourneau et al., 2011). Monocrops allow
specialist insect herbivores, those that can tolerate defensive responses of specific species
of plants (Ali & Agrawal, 2012), to thrive. There is an abundance of food and often a
release from natural enemies that depend on more diverse settings (Gliessman & Altieri,
1982; Hooks & Johnson, 2003). Insect herbivores can devastate marketable produce in
monocrops, resulting in the labeling of the insect as a pest (Altieri, 1994). Ideally,
diversified landscapes would dominate agriculture (Altieri, 1999; Gliessman & Altieri,
1982), for now, this is not a realistic goal (Banks, 2004). While we may not currently be
able to match the complex “Gordian knot” of nature (Andow, 1991), we may still be able
to draw from basic insect ecology to manage pests efficiently and more sustainably

(Altieri, 1989; Edwards et al., 1993).

Essential oils broadly sample plant volatiles

Odors present in the headspace of plants consist of the low-weight secondary
metabolites synthesized in plant tissue (Kessler, 2015; War et al., 2012; Wink, 2003). The
extraction process for the production of essential oils captures these compounds
effectively (Li et al., 2010; Regnault-Roger et al., 2012). Previous work using high
performance liquid chromatography and gas chromatography has confirmed that plant
essential oils provide an accurate sampling of naturally derived plant chemicals (Duke et
al., 2003). Their use as both agricultural and therapeutic products has also led to the

production of a wide range of plant essential oils (Bakkali et al., 2008; Regnault-Roger,
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1997; Regnault-Roger et al., 2012). While some compounds have been shown to be
repellent to a broad range of insects, such as methyl salicylate (Deletre et al., 2016;
Mauchline et al., 2005; Scott et al., 2003), others have been observed as having a
repellent effect for specific species and not others (Regnault-Roger et al., 2012). For
example, phenolic monoterpenes can be used to repel Acanthoscelides obtectus, but not
Rhopalosiphum padi which is repelled by methoxylated monoterpenes, compounds that
are different but share some structural similarity (Regnault-Roger et al., 2012). Also,
essential oils from Nigella sativa and Trachyspermum ammi have been shown to repel
Tribolium castaneum, the red flour weevil (Chaubey, 2007), and essential oils from Ruta
graveolens and Allium sativum have been shown to repel Cydia pomonella from apple
orchards (Landolt et al., 1999). While important, none of these studies include a
framework or quantifiable index for the odors, so the same approach must be repeated for
other insects. The diversity of compounds present throughout plants, and the potential
specificity of their effect on insect behavior provides a daunting, but exciting opportunity
for their use as target-specific agricultural products (Deletre et al., 2016; Kumari et al.,
2014; Nerio et al., 2010; Regnault-Roger et al., 2012). Most previous work on repellency
has necessarily taken a trial-and-error approach (Maia & Moore, 2011), but by
incorporating a comparative framework, such as phylogenetic relatedness or
physicochemical similarity, the identification of repellents could greatly accelerate.
Essential oils have been promoted as a potentially target-specific treatment for
sustainable pest management (Deletre et al., 2016; Regnault-Roger, 1997; Regnault-

Roger et al., 2012), because each mixture contains a unique blend of naturally derived
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compounds. However, it is still unknown which odors a specialist will be able to detect

(Bohbot & Dickens, 2012).

Phylogenetic relatedness
Phylogenetic relatedness is a powerful tool for classification of organisms. The

Angiosperm Phylogeny Group (Chase et al., 2016) has been working toward a consensus
on the taxonomy of flowering plants for nearly 2 decades. The classification process uses
multiple characteristics, including physical, chemical, and genetic to inform plant
placement in the phylogeny. Although this is an important approach for studying the
evolutionary relationships among species (Webb et al., 2008; Webb et al., 2002), the
work proposed here is focused on how a specialist insect responds to plant odors. Plant
taxonomies would be drastically changed if volatile composition was the only defining
characteristic as a huge diversity of compounds can be derived from the same
biosynthetic pathway in different plants (Dudareva & Pichersky, 2008; Chen et al., 2003;
Koeduka et al., 2009; Pichersky et al., 2006; Regnault-Roger et al., 2012), and
conversely, the same compounds can also arise from separate pathways in different
tissues of the same plant (Nagegowda, 2010). Wink (2003) analyzed the evolution of
plant secondary metabolites in a phylogenetic context. The work shows that some, but
not all, defensive compounds are specific to individual plant families. For example, the
major defensive compounds of Fabaceae, Solanaceae, and Lamiaceae (quinolizidine
alkaloids, steroidal alkaloids, and iridoids, respectively) are essentially exclusive to these

families. Interestingly, examples where the same compound evolves in phylogenetically
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distinct species of plants has been observed, as is the case with cardiac glycosides — an
important defensive compound of Brassicaceae (Agrawal et al., 2012; Zalucki et al.,
2001). While sampling plants with distinct placement on the angiosperm phylogeny
should provide a diverse sampling of odors, but overlapping chemistries will inevitably
be present. It is therefore important to include a comparison of the physical and chemical
properties of the specific compounds present in tested odors prior to making predictions
about repellency.
The simplest form of learning

Through a simple form of non-associational learning called habituation, odors that
are shown to initially influence insect behavior may lose their effect over time
(Glanzman, 2011; Anton et al., 2007; Gadenne et al., 2016; Groh & Meinertzhagen,
2010). It is therefore of critical importance to test whether prior exposure to repellent
odors changes the behavioral response of C. nasturtii before recommending their use for
management. Habituation is an abstract mechanism believed to be present in all organism
that process information (Ramaswami, 2014), and even those that do not (Moore, 2004).
While habituation has never been studied in Cecidomyiid midges, it has been shown in
Dipterans (Glanzman, 2011), Lepidopterans (Wang et al., 2008; Wood et al., 1997), and
Hymenopterans (Groh & Meinertzhagen, 2010), among others (Woollacott & Hoyle,
1977). Habituation can persist for minutes, hours, days, or the remainder of an
organism’s life (Engel & Wu, 2010; Gerber et al., 2014). The disparity present in the
persistence of habituation led to the realization that at least two forms of habituation exist

in organisms: short-term habituation and long-term habituation (Moore, 2004). But this
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biological phenomenon has never been explored in a short-lived phytophagous insect,
where the distinction between short and long-term habituation becomes more difficult to
decipher.

It is not known whether habituation will influence the efficacy of non-host odors
for repelling C. nasturtii, but the potential effect could void repellent responses. Short-
term habituation has been shown to occur because of plasticity in the neural processing of
information (Ramaswami, 2014). Over stimulated neural pathways eventually dampen in
response (Twick et al., 2014). While long-term habituation similarly begins through a
plastic response in information processing in the antennal lobe, the changes in response
persist (Twick et al., 2014). How do pre-exposure and the persistence of habituation scale
with the time an organism is alive? While there is plenty of evidence to suggest that some
form of habituation will occur in C. nasturtii, the lifespan of this insect may be so short
that the influence on behavior is insubstantial. Testing whether swede midge can
habituate to non-host odors will confirm the long-term viability of repellency for

sustainable management.
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CHAPTER 1: DAMAGE AND MARKETABILITY THRESHOLDS
1.1. Abstract

Swede midge, Contarinia nasturtii Kieffer (Diptera: Cecidomyiidae), is an
invasive pest causing significant damage on Brassica crops in the Northeastern United
States and Eastern Canada. Heading brassicas, like cauliflower, appear to be
particularly susceptible. Swede midge is difficult to control because larvae feed
concealed inside meristematic tissues of the plant. In order to develop damage and
marketability thresholds necessary for integrated pest management (IPM), it is
important to determine how many larvae render plants unmarketable and whether the
timing of infestation affects the severity of damage. We manipulated larval density (0,
1, 3, 5, 10, or 20) per plant and the timing of infestation [30, 55, and 80 days after
seeding (DAS)] on cauliflower in the lab and field to answer the following questions:
(1) What is the swede midge damage threshold? (2) How many swede midge larvae can
render cauliflower crowns unmarketable? and (3) Does the age of cauliflower at
infestation influence the severity of damage and marketability? We found that even a
single larva can cause mild twisting and scarring in the crown rendering cauliflower
unmarketable 52% of the time, with more larvae causing more severe damage and
additional losses, regardless of cauliflower age at infestation.

1.2. Introduction
Swede midge (Diptera: Cecidomyiidae) is an invasive pest threatening Brassica

production in the Northeastern United States and Eastern Canada (Hallett and Heal
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2001, Olfert et al. 2006, Chen et al. 2011). Feeding by swede midge larvae results in a
range of damage, from slight swelling of plant tissue to scarring, twisting, branching,
and most severely, the complete loss of the apical bud (Chen and Shelton 2007, Chen et
al. 2009). Once established in an area, swede midge is extremely difficult to remove
(Chen et al. 2011). A decade after the midge invaded Ontario, Canada, losses to
broccoli and cauliflower (Brassica oleracea Gp. Botrytis and Gp. Italica, respectively)
can exceed 85% annually (Hallett and Heal 2001). Swede midge outbreaks have
reversed previous integrated pest management (IPM) gains in cole crops because
growers often resort to calendar-based spraying (Hallett and Sears 2013). There is a
critical need for better insecticide treatment thresholds (Hallett and Sears 2013) and
alternative management tactics for swede midge (Chen and Shelton 2007, Chen et al.
2009), both of which depend on a comprehensive understanding of pest biology and
susceptibility to treatments (Kogan 1998).

Cecidomyiids are challenging insect pests because of their ability to manipulate
plant growth, resulting in galls and tumorous formations (Maia et al. 2005, Vitou et al.
2008, Vijaykumar et al. 2009, Hall et al. 2012, Stuart et al. 2012, Uechi et al. 2017).
Specifically, swede midge is difficult to control due to: 1) the short adult life span and
concealed feeding of larvae (Readshaw 1966, Hallett et al. 2009a, Chen et al. 2011); 2)
multiple overlapping generations with irregular emergence phenotypes that are difficult
to predict (Hallett et al. 2009b); and, 3) all developmental stages of susceptible Brassica
hosts seem impacted by herbivory (Hallett 2007).

Although swede midge clearly manipulates plant growth, no studies have
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examined the relationship between timing of larval feeding and the emergence of
market-relevant damage symptoms in Brassica vegetables. Visible damage within an
infested cauliflower field could be due to separate infestations from different calendar
days. It is unclear whether the ultimate loss of a marketable plant is due to the final
infestation, or a compounded effect from multiple infestations. Effective IPM programs
depend on accurate damage (the level of infestation that can cause damage; Walker
1983, Hallett and Sears 2013) and marketability thresholds (the level of infestation that
renders a plant unmarketable; Hallett and Sears 2013). Unfortunately, typical scout and
spray IPM practices are impractical for swede midge because market-relevant damage
is difficult to confirm until after larvae have left the plant (Wu et al. 2006, Chen et al.
2011). Testing the relationship between feeding and damage relative to crop phenology
could allow more precision in the timing of pesticide applications rather than calendar-
based sprays (Hallett et al. 2009, Hallett and Sears 2013).

Current conventional management recommendations for swede midge are to use
systemic neonicotinoids at transplant, followed by regular sprays of foliar insecticides
for the remainder of the growing season (Chen et al. 2011, Hodgdon et al. 2017),
disrupting decades of effective IPM in Brassica systems (Rodriguez Salamanca 2014).
An alternative approach is to use an action threshold based on the capture of 5 males
per pheromone trap per d with a minimum 7 d pesticide retreatment interval (Hallett
and Sears 2013). This strategy reduces damage to acceptable levels in cabbage, but not
cauliflower, possibly because cabbage heartleaves protect the developing meristem

from feeding larvae (Andaloro et al. 1983). Also, organic growers are limited to using
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large scale crop rotations (Chen et al. 2009) and/or covering crops with specialty insect
netting (Hodgdon et al. 2017), both expensive strategies.

Swede midge damage differs across and within groups of B. oleracea vegetables
(e.g. cabbages, cauliflower, broccoli, etc.) (Chen et al. 2011). Infestations result in the
lack, reduced size, or distorted growth of the marketable portion of cauliflower
composed usually of white inflorescence meristem. Here, we studied the relationship
between swede midge infestation and plant damage on cauliflower to test how the
timing and severity of swede midge infestation influences market-relevant damage. We
applied first instar larvae to cauliflower to ask: 1) How many swede midge larvae does
it take to cause visible damage to cauliflower? 2) How many larvae render cauliflower
crowns unmarketable? and 3) Does the age of cauliflower at infestation influence the
likelihood that it will be unmarketable?

1.3 Methods

1.3.1. Plant Production and Colony Rearing

A laboratory-reared colony of swede midge was used for both laboratory and
field trials (origin: Swiss Federal Research Station for Horticulture, Wadenswill,
Switzerland). Midges were reared on cauliflower plants, Brassica oleracea group
Botrytis ‘Snow Crown’ (Harris Seeds, Rochester, NY), due to midge preference
(Hallett 2007) and large bud size. Seeds were planted in 128-cell trays filled with
Fafard 3B soilless potting media (Sun Gro Horticulture, Agawam, MA). Seedlings were
transplanted into 10 cm pots after 4 wk and returned to the greenhouse. Plants were

grown in the University of Vermont greenhouse under a 16:8 L:D photoperiod at
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~22°C and ~30% RH until 6-8 true leaves had developed.

Each day, four cauliflower plants were placed into one of two oviposition cages
(0.6 m* wooden frame, covered in 400 micron nylon mesh) in the lab. Plants were
exposed to adults for 1 d, after which they were moved to another cage, where eggs
hatched and larval development continued. Eggs hatch ca. 1 d after oviposition in the
inner-folds of meristematic tissue, and larvae feed for ~14 d until they are ready to
pupate. Fourth instar larvae either eject from the plant or crawl down the stem to pupate
in the top 3 cm of surrounding soil. Therefore, infested cauliflower meristems were cut
3 cm below the crown and inserted back into the planting pots after ~14 d of larval
development. Pots with pupating larvae were placed back in the ovipositional cages,
where adults emerged and mated ~14 d later (Chen et al. 2011).
1.3.2. Artificial Infestation Procedure

Standard quantities of larvae were applied to plant buds to determine the
relationship between larval density and damage intensity. Swede midge larvae are
difficult to work with because of their small size (<2 mm), feeding location within the
bud, and transparent color. Eggs are nearly invisible so first instars were used for trials.
Most larvae have entered the first instar about 3 d after oviposition based upon
Readshaw (1966) and our observations. Larvae were collected from 4 plants exposed to
gravid females for 24 h then grown for 72 h in the greenhouse. All larvae and eggs
were separated from the plant by dissecting the apical bud and rinsing the fragments
with deionized water in a petri dish.

First instars were aspirated and gently applied in the tightly folded leaves
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developing off the primary meristem using a 200 pL micropipette. The same quantity
of deionized water was applied to control plants as a check for any damage caused by
the procedure.
1.3.3. Artificial Infestation — Method Validation

To validate that larvae remained intact after applications to treated plants,
additional trials testing larval survival were performed. Larvae (0, 1, 3, 5, 10, or 20)
were applied to plants with 8-10 true leaves, using 20 replicate plants for each larval
density. Infested plants were grown in mesh cages (I m X 0.7 m X 0.7 m, BioQuip®,
Rancho Domingez, CA) for 10 d under rearing conditions (described above). After 10 d
of development, young leaves were removed using a scalpel and larvae were gently
rinsed from the leaves using deionized water. A dissecting microscope was used to
count the number of larvae that physically responded to a gentle touch with a probe.
Summary statistics from these trials were used to estimate the proportion of larvae that
survived the artificial infestations. We found that half the larvae survive the procedure,
with 0.4 £ 0.11, 1.5 £ 0.25,2.25 £ 0.34, 5.7 £ 0.63, and 10.4 + 0.77 (mean £ SE)
moving larvae for 1, 3, 5, 10, and 20 larvae, respectively.
1.3.4. What is the Damage/Marketability Threshold?

To test the relationship between larval density and damage severity, 0, 1, 3, 5,
10, or 20 larvae were applied to uninfested cauliflower with 8-10 true leaves, replicated
over 25 plants for each treatment density. The cauliflower plants tested were grown for
8 wk using the conditions described above, with the exception that they were

transplanted into 15 cm circular planting pots, rather than 7 cm pots. Following the
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artificial larval infestation, treated plants were returned to the greenhouse in large pop-
up cages and grown for approximately 21 d. To prevent larvae from completing their
life cycle and reinfesting treated plants prior to data collections, circular, flat, acetate
sheets were fastened around plant stems with cotton filling the extra space between the
sheets and the stem. This design successfully restricted larvae from reaching the soil
where they pupate.

Cauliflower were evaluated using a scale adapted from Hallett (2007), described
in Table 1. Cauliflower plants with a score > 1 were unmarketable using this scale
(Stratton, pers obs). To determine how many swede midge larvae cause damage to
cauliflower (damage threshold), the frequencies of plant damage ratings across larval
treatment densities were tested using a log-linear regression. The relationship between
larval density and marketability (marketability threshold) was tested using a binary
logistic regression. Using the models fitted from our data, the lowest numbers of larvae
that cause damage and render cauliflower unmarketable were estimated.

1.3.5. Does Cauliflower Age at Infestation Influence Marketability?

We tested if plant age and the number of larvae influenced market-relevant plant
damage using a potted plant experiment from July 1%t 2015 to August 30" 2015 at the
Bio-Research Complex at the University of Vermont. We chose the site because it was
at least 5 km away from any commercial Brassica plantings, minimizing background
midge populations that could influence the study. The study site was situated between
outdoor hoop-house structures. Due to the low background population of midges in this

area, our study design allowed all plants, regardless of infestation date, to be grown
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outside for the entire experimental period. In order to minimize disturbance to the study
and control weeds, we covered the study area (3 X 15 m) with black landscape fabric.
We raised cauliflower in 15 cm circular planting pots between Jackson traps with a
swede midge pheromone lure (Solida Distributions, Saint-Ferréol-les-Neiges, Québec)
to verify that midges remained absent from the field.

To test whether plant age has an effect on plant damage and the likelihood of
marketability, 0, 1, 5, 10, or 20 larvae were applied to plants of three age groups [30 (2
true leaves), 55 (4-6 true leaves), and 80 (6-8 true leaves) days after seeding (DAS)],
replicated across 30 cauliflower plants in a randomized complete block design. After
hardening off 4 wk old seedlings for 2 d, we placed randomly assigned plants to the
different treatments at the start of the study, so each plant remained in the same location
for the entire experiment. Each block consisted of two trays (0.3 X 0.5 m) that hold six
pots each in a 2 x 3 grid. We placed six plants randomized by treatment date and larval
density in a zig-zag pattern in the trays. We were concerned that the circular acetate
sheets may constrict cauliflower stems through the course of this trial so instead we
loosely fastened fine mesh around the base of the stem to restrict larvae from reaching
the soil.

We inoculated midge larvae on the treatment plants at 30, 55, and 80 DAS. On
each inoculation date, we brought the subset of pre-assigned plants into an onsite hoop-
house. Under a dissecting microscope, we infested cauliflower using the same
micropipette method, but the outermost layer of the waxy cuticle was also gently

abraded using Kimwipes (Uline, Pleasant Prairie, WI) so the water droplets could
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adhere to the small meristems of the youngest plants. In order to control for any
damage this may have caused, we also abraded older plants.

After the larval inoculations, we assessed the treatment plants for damage every
4 wk. Plants infested at 30 d after seeding (DAS) were assessed 4, 8 and 12 wk after
transplanting (WAT), plants infested at 55 DAS were assessed at 8 and 12 WAT, and
plants infested at 80 DAS were evaluated 12 WAT. We were able to visually
differentiate swede midge damage from other herbivores including diamondback moth
(Plutella xylostella L.) and imported cabbageworm (Pieris rapae L.) that feed on
foliage rather than the developing meristem (see Table 1 for swede midge damage
descriptions). We recorded plant marketability at the end of these trials using standards
developed from discussions with a local vegetable grower (A. Jones, pers. comm.).
Cauliflower with scarring or twisting within the inner petioles of the crown were
unmarketable.

We used a log-linear and binary logistic regression to test how larval density,
plant age, and their interaction influenced damage and marketability, respectively. We
used the model output to predict the larval density and plant age that had the highest
impact on damage and marketability. All statistics were performed using R version
3.2.2 (RStudio Team 2016). Barplots were built using ggplot2 version 2.2.1 (Wickham
2009) and negative binomial regressions were plotted using popbio version 2.4.3
(Stubben and Milligan 2007).

1.4. Results

Plants treated with more larvae experienced more severe damage (Fig. 1a; log-
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linear regression, z=4.158, P <0.001) and a reduced likelihood that the plant would be
marketable (Fig. 1b; binary-logistic regression, z = -3.400, P < 0.001). We found that
the single larva treatment most often caused minor twisting to leaf stems and florets,
rendering cauliflower unmarketable 52% of the time. Ten larvae resulted in a range of
damage from mild twisting of leaves to severe swelling and scarring of florets,
rendering 68% of the plants unmarketable. Damage from the 20 larvae treatment also
varied, but most often resulted in severe swelling and scarring in the developing crown,
rendering 82% of the plants unmarketable.

The same trend held in the field potted plant trials, with more larvae causing
more cauliflower damage (Fig. 2a,c,e; log-linear regression, z = 3.689, P <0.001) and a
lower likelihood of marketability (Fig. 2b,d,f; binary-logistic regression, z = -2.894, P <
0.001). Larval density and plant age at infestation did not have a significant interaction
for damage (z = -0.540, NS) or marketability (z=-0.213, NS), meaning that similar
patterns of damage and marketable losses were present across larval treatments for the
different cauliflower age groups. Cauliflower age alone also did not directly influence
damage or marketability (z = 1.464, -0.572; NS, NS). Altogether, our data suggest that
midge larvae cause significant damage and marketable losses regardless of cauliflower
age.

1.5. Discussion

Our results contribute important findings about swede midge: 1) half of the

larvae perish following our inoculation procedure (see methods); 2) any quantity of

larval feeding can cause noticeable damage on cauliflower (Fig. 1a); 3) a single larva
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can render cauliflower unmarketable 52% of the time (Fig. 1b.); and, 4) damage and
marketable losses occur regardless of cauliflower age at infestation (Fig. 2).

Given that there is essentially no larval threshold for swede midge on
cauliflower, we suggest plants be protected for the entire season. Our trials tested larval
densities that are much lower than would be experienced in an infested field where
females oviposit clusters of 5-20 eggs on host plants (Readshaw 1966). Traditional
scout and spray IPM approaches remain inappropriate for managing swede midge in
cauliflower because market-relevant damage can result from any larval feeding and
adults can emerge throughout the growing season (Hallett et al. 2009a, Chen et al.
2011, Samietz et al. 2012, Hallett and Sears 2013, Des Marteaux et al. 2015).

Other Cecidomyiid species have been shown to excrete digestive enzymes that
disrupt growth and development on their host (Tooker and Moraes 2007, 2010, Tooker
2012). The same has been presumed but not tested in swede midge. The fact that our
single larva treatment rendered half of the cauliflower unmarketable yet half of the
larvae die following our procedure is troubling. However, it would be interesting to
specifically test if damage is caused from salivary excretions or physical injury caused
by larvae. If larval excretions distort cauliflower growth independent of physical
damage then a more accurate damage or marketability threshold could be determined
by applying known volumes of extracted saliva to plants. These additional trials could
also lead toward a more complete understanding of how so few larvae are able to cause
such significant losses in cauliflower.

In addition, we tested how cauliflower damage varies following a single
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oviposition event. Swede midge has a short life cycle and multiple generations occur in
infested fields (Hallett et al. 2009b). How damage and marketability vary in response to
multiple infestations remains untested. Our results suggest that multiple infestations
would further reduce the likelihood that plants are marketable, but swede midge
damage varies across and within different Brassica cultivars (Chen et al. 2011). Further
work testing how multiple infestations influence cauliflower damage and how single
infestations influence damage to other Brassica crops are warranted.

Heading brassicas, like cauliflower, may also be more susceptible to swede
midge herbivory than those with multiple meristems. As mentioned, we still do not
know whether larval excretions impact development throughout the plant or only
within the infested meristem. If swede midge damage is localized to the developing
meristem, plants with multiple growing points, like canola and brussels sprouts, may
only lose a portion of marketable growth. That said, whether the number or severity of
infested meristems on crops with multiple growing points influences ultimate damage
or marketability has not been tested.

Swede midge pose a major threat to Brassica production in their introduced
range (Hallett and Heal 2001, Chen et al. 2011, Hallett and Sears 2013). While
systemic insecticides and calendar-based foliar sprays effectively manage swede midge
conventionally (Hallett et al. 2009a), regular spraying reverses previous gains in [IPM
programs developed for other Brassica pests (Hallett and Sears 2013, Rodriguez
Salamanca 2014), like diamondback moth and imported white cabbage worm (Furlong

et al. 2013). Furthermore, large scale crop rotations can provide control for organic
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producers (Chen and Shelton 2009) but only temporarily on farms with limited acreage
because a portion of pupae remain dormant in the soil (Readshaw 1966, Hallett 2007,
Stuart et al. 2012). To avoid dormant populations, growers are recommended to rotate
at least 2 km away from previous Brassica plantings for at least 3 years. Tactics that
prevent mated females from finding and ovipositing on host plants (e.g. repellents),
males from finding and mating with females (e.g. pheromone mating disruption),
and/or physically block midges from contacting Brassica crops (e.g. exclusion netting)

will be more effective long-term solutions to manage swede midge organically.

1.6. Figures
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Figure 1: (a) Counts for cauliflower damage scores of different larval densities applied to plants in the
laboratory. Twenty plants per treatment were assessed for damage at 10 days post larval infestation using
a modified scale from Hallett, 2007 (described in table 1). Larval density was positively correlated with
plant damage (z =4.16; P < 0.001). (b) Binomial logistic regression testing the effect of larval density on
the likelihood that infested cauliflower will be marketable. Histograms indicating the number (n) of
marketable (p = 1) and unmarketable (p = 0) cauliflower are also reported for each treatment density.
Larval density was negatively correlated with marketability (z = -3.40; P <0.001).
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Figure 2: (a) Counts for cauliflower damage scores of different larval densities applied to plants at 30
days after seeding (DAS). Thirty plants per treatment were assessed for damage at 4, 8, and 12 weeks
post larval infestation using a categorical damage scale described in table 1. Damage at 12 weeks is
shown. Larval density was positively correlated with plant damage (z=3.418; P <0.001). (b) Binomial
logistic regression testing the effect of larval density on the likelihood that cauliflower infested 30 DAS
will be marketable. Histograms indicating the number of marketable (p = 1) and unmarketable (p = 0)
cauliflower are reported for each treatment density. Larval density was negatively correlated with
marketability (z=-3.364; P <0.001). (c) Counts for cauliflower damage scores of different larval
densities applied to plants at 55 DAS. Thirty plants per larval density were assessed for damage at 4 and
8 weeks post larval infestation. Damage at 8 weeks is shown. Larval density was positively correlated
with plant damage (z = 5.455; P < 0.001). (d) Binomial logistic regression testing the effect of larval
density on the likelihood that cauliflower infested 55 DAS will be marketable. Histograms reporting
marketable and unmarketable cauliflower are reported for each treatment density. Larval density was
negatively correlated with marketability (z =-5.032; P <0.001). (¢) Counts for cauliflower damage
scores of different larval densities applied to plants at 80 DAS. Thirty plants per larval treatment were
assessed for damage at 4 weeks post larval infestation. Larval density was positively correlated with
plant damage (z = 5.907; P < 0.001). (f) Binomial logistic regression testing the effect of larval density
on the likelihood that cauliflower infested 80 DAS will be marketable. Histograms indicating the number
of marketable (p = 1) and unmarketable (p = 0) cauliflower are reported for each treatment density.
Larval density was negatively correlated with marketability (z = -5.852; P < 0.001).

1.7. Tables

Table 1 - Damage scale and associated symptoms used to assess cauliflower artificially

infested with 0, 1, 3, 5, 10, or 20 swede midge larvae.

Damage Cauliflower Symptoms
Value

0 No damage

1 Mild twisting to 1 leaf or florets

2 Mild twisting of stem, 2-3 leaves, or florets and/or mild
swelling of petioles

3 Severe twisting of 2-3 leaves or florets and/or severe
swelling of petioles

4 Severe twisting and/or crumpling of stem, 3+ leaves, or
florets; severe swelling and/or scarring of petioles and/or
florets

5 Severe twisting of stem, leaves, and florets; severe scarring
of stem, leaves, petioles, and florets

6 Death of apical meristem and/or multiple compensatory
shoots
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RMarkdown

output:
knitrBootstrap::bootstrap document:
theme: spacelab
highlight: sunburst

##Damage from a single swede midge (Diptera: Cecidomyiidae) larva can render
cauliflower unmarketable
###Chase Stratton and Yolanda Chen

Built with 'r getRversion()’

" {r unwarns,echo=FALSE}
options(warn = -1)

" {r setup,include=FALSE}
library(ggplot2)
library(plotly)
library(reshape2)
library(popbio)
library(gridExtra)

R Notebook containing summary figures and statistical analyses for swede midge damage
threshold lab/semi-field trials

#Research Questions:

1. What is the damage threshold for swede midge?

2. What is the marketability threshold for swede midge?

3. Does plant age at infestation influence the likelihood it will be marketable?

" {r load1l,echo=FALSE,include=FALSEstrip.white=TRUE}
#setwd("~/Desktop/SwedeMidge/manuscripts/20170329-ms-sam-thresh/data™)
ecoThreshLab = read.csv("~/Desktop/SwedeMidge/manuscripts/20170329-ms-sam-
thresh/data/20170309 sam_thresh.csv")

attach(ecoThreshLab)

theme set(theme gray(base size = 20))
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" {r group_barplot df,echo=FALSE,include=FALSE}

con_0 = nrow(ecoThreshLab[which(LarvaeLab==0 & Damage==0.0),])
con_1 =nrow(ecoThreshLab[which(LarvaeLab==0 & Damage==0.5),])
con 2 = nrow(ecoThreshLab[which(LarvaeLab==0 & Damage==1.0),])
con 3 = nrow(ecoThreshLab[which(LarvaeLab==0 & Damage==1.5),])
con_4 = nrow(ecoThreshLab[which(LarvaeLab==0 & Damage==2.0),])
con_5 = nrow(ecoThreshLab[which(LarvaeLab==0 & Damage==2.5),])
con_6 = nrow(ecoThreshLab[which(LarvaeLab==0 & Damage==3.0),])

one 0 = nrow(ecoThreshLab[which(LarvaeLab==1 & Damage==0.0),])
one 1 =nrow(ecoThreshLab[which(LarvaeLab==1 & Damage==0.5),])
one 2 =nrow(ecoThreshLab[which(LarvaeLab==1 & Damage==1.0),])
one 3 = nrow(ecoThreshLab[which(LarvaeLab==1 & Damage==1.5),])
one 4 = nrow(ecoThreshLab[which(LarvaeLab==1 & Damage==2.0),])
one 5 =nrow(ecoThreshLab[which(LarvaeLab==1 & Damage==2.5),])
one 6 = nrow(ecoThreshLab[which(LarvaeLab==1 & Damage==3.0),])

three 0 = nrow(ecoThreshLab[which(LarvaeLab==3 & Damage==0.0),])
three 1 = nrow(ecoThreshLab[which(LarvaeLab==3 & Damage==0.5),])
three 2 = nrow(ecoThreshLab[which(LarvaeLab==3 & Damage==1.0),])
three 3 = nrow(ecoThreshLab[which(LarvaeLab==3 & Damage==1.5),])
three_4 = nrow(ecoThreshLab[which(LarvaeLab==3 & Damage==2.0),])
three 5 = nrow(ecoThreshLab[which(LarvaeLab==3 & Damage==2.5),])
three_6 = nrow(ecoThreshLab[which(LarvaeLab==3 & Damage==3.0),])

five 0 = nrow(ecoThreshLab[which(LarvaeLab==5 & Damage==0.0),])
five 1 = nrow(ecoThreshLab[which(LarvaeLab==5 & Damage==0.5),])
five 2 = nrow(ecoThreshLab[which(LarvaeLab==5 & Damage==1.0),])
five 3 = nrow(ecoThreshLab[which(LarvaeLab==5 & Damage==1.5),])
five 4 = nrow(ecoThreshLab[which(LarvaeLab==5 & Damage==2.0),])
five 5 = nrow(ecoThreshLab[which(LarvaeLab==5 & Damage==2.5),])
five 6 = nrow(ecoThreshLab[which(LarvaeLab==5 & Damage==3.0),])

ten_0 = nrow(ecoThreshLab[which(LarvaeLab==10 & Damage==0.0),])
ten 1 = nrow(ecoThreshLab[which(LarvaeLab==10 & Damage==0.5),])
ten 2 = nrow(ecoThreshLab[which(LarvaeLab==10 & Damage==1.0),])
ten 3 = nrow(ecoThreshLab[which(LarvaeLab==10 & Damage==1.5),])
ten 4 = nrow(ecoThreshLab[which(LarvaeLab==10 & Damage==2.0),])
ten 5 = nrow(ecoThreshLab[which(LarvaeLab==10 & Damage==2.5),])
ten_6 = nrow(ecoThreshLab[which(LarvaeLab==10 & Damage==3.0),])

twenty 0 = nrow(ecoThreshLab[which(LarvaeLab==20 & Damage==0.0),])
twenty 1 = nrow(ecoThreshLab[which(LarvaeLab==20 & Damage==0.5),])
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twenty 2 = nrow(ecoThreshLab[which(LarvaeLab==20 & Damage==1.0),])
twenty 3 = nrow(ecoThreshLab[which(LarvaeLab==20 & Damage==1.5),])
twenty 4 = nrow(ecoThreshLab[which(LarvaeLab==20 & Damage==2.0),])
twenty 5 = nrow(ecoThreshLab[which(LarvaeLab==20 & Damage==2.5),])
twenty 6 = nrow(ecoThreshLab[which(LarvaeLab==20 & Damage==3.0),])

damage counts_df <- data.frame(Larvae = c(0,1,3,5,10,20),
Zero = c(con_0,one 0,
three 0,five 0,
ten_0,twenty 0),
One = c(con_1,o0ne 1,
three 1,five 1,
ten_1,twenty 1),
Two =c(con_2,one 2,
three 2,.five 2,
ten 2,twenty 2),
Three = c(con_3,one 3,
three 3.five 3,
ten 3,twenty 3),
Four = c(con_4,one 4,
three 4,five 4,
ten_4,twenty 4),
Five = c(con_5,one 5,
three 5.five 5,
ten S,twenty 5),
Six = ¢(con_6,0ne 6,
three 6,five 6,
ten_6,twenty 6))

damage grouped = melt(damage counts_df, id.vars = 'Larvae')

# d3heatmap(damage counts_df,

# Rowv =T,
# Colv =F)
# par(p)

#Damage Threshold - Lab
###Boxplots to Visualize the Data

“{r fig_1l,echo=FALSE,strip.white=TRUE}
plot(factor(LarvaeLab),Damage, xlab = "Number of Larvae", ylab = "Damage Rating")
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## What is the damage threshold for swede midge?
Logistic regression
(Formula: $M = e"{ax}$)

" {rlog regl,echo=FALSE}

poissReglab = glm(Damage~LarvaeLab,family = poisson)
summary(poissRegLab)

Testing the null hypothesis to give support to our alternative. Significance means we
reject the null.

" {rreg testl,echo=FALSE}
poissRegReduced = glm(Damage~1,family = poisson)

anova(poissRegReduced,poissRegLab, test="Chisq")

How damage changes as a function of larvae

" {r larval damage,echo=FALSE}
beta = coef(poissRegLab)

beta

exp(beta[2])

*The LarvaeLab coefficient indicates an ~5% increase in damage with each additional
larva.

95% Confidence Interval

“*{r conf intl,echo=FALSE}

exp(confint.default(poissRegLab))

*Confidence intervals suggest the true value for the increase in damage associated with
each additional larva is between 2% and 7%.

## How many larvae to render crop unmarketable?

Logistic regression
(Formula: $M = e" {ax}$)

" {r log reg2,echo=FALSE}
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logRegLab = glm(Marketable~LarvaeLab-1,family = binomial)
summary(logReglLab)

" {rbin_log reg plot,echo=F}

par(cex=1.35)

logi.hist.plot(LarvaeLab,
Marketable,
boxp=FALSE,

type="",

col="gray",

xlabel = "Number of Larvae Applied to Cauliflower",
ylabel = "Probability that Cauliflower is Marketable",
ylabel2 = "Number of Cauliflower Plants",

counts = FALSE)

# logit <- function(x) log(x)/log(1-x)

# ggplot(ecoThreshLab, aes(LarvaeLab, Marketable)) +

# stat smooth(method="glm", formula=y~x,

# alpha=0.2, size=2, aes(fill=Label)) +

# scale y continuous(breaks=c(.10, .25, .50, .75, .90)) +

# coord_trans(y="logit") + xlab("Age") + ylab("Pr (maretable)")

*Marketability and larval density are significantly associated.

Testing the null hypothesis to give support to our alternative. Significance means we
reject the null.

Y {rreg_test2,echo=F}

logRegReduced = glm(Marketable~1,family = binomial)
anova(logRegReduced,logReglab,test="Chisq")

*Null is rejected

##How the likelihood of marketability changes as a function of larvae

" {r market _changel,echo=FALSE}
exp(coef(logRegl ab))

*The coefficients indicate a 10% reduction in marketable cauliflower with each
additional larva.
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95% Conf Int

“{r conf int2,echo=FALSE}
exp(confint.default(logReglab))

*The 95% CI suggests the true value falls between a 5% and 15% reduction in produce.
##Probabilities - Lab
Probability that a plant with 1 larva will be marketable

“{rprob_1,echo=FALSE}

piLarvae = predict.glm(logRegLab,
data.frame(LarvaeLab=1),
type = "response",
se.fit=T)

piLarvae$fit

*The likelihood that a plant treated with 1 larva will be marketable is 48%.
*Unmarketable --> 1 - 0.48 = 52%

95% Confidence Interval

" {rprobl_ci,echo=FALSE}
iLarvae = predict.glm(logRegLab,data.frame(LarvaeLab=1),se.fit=T)
ci = c(iLarvae$fit - 1.96*iLarvae$se.fit, iLarvae$fit + 1.96*iLarvae$se.fit)

exp(ci)/(1+exp(ci))
*The true value is between 45-65%.

Probability that a plant with 3 larva will be marketable

" {rprob_3,echo=FALSE}

piLarvae2 = predict.glm(logRegLab,data.frame(LarvaeLab=3),type =
"response",se.fit=T)

piLarvae2$fit

*Cauliflower treated with 3 larvae has a 44% chance of marketability.
*Unmarketable --> 1 - 0.44 = 56%

95% Confidence Interval

" {r prob3_ci,echo=FALSE}

iLarvae2 = predict.glm(logReglab,data.frame(LarvaecLab=3),se.fit=T)

ci2 = c(iLarvae2$fit - 1.96*iLarvae$se.fit, iLarvae$fit + 1.96*iLarvae$se.fit)
exp(ci2)/(1+exp(ci2))
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Probability that a plant with 10 larva will be marketable

" {r prob_10,echo=FALSE}

piLarvae = predict.glm(logRegLab,data.frame(LarvaecLab=10),type =
"response",se.fit=T)

piLarvae$fit

*Cauliflower treated with 10 larvae has a 32% chance of marketability.
*Unmarketable --> 1 - 0.32 = 68%

95% Confidence Interval

" {r probl0_ci,echo=FALSE}

iLarvae = predict.glm(logRegLab,data.frame(LarvaeLab=10),se.fit=T)

ci = c(iLarvae$fit - 1.96*iLarvae$se.fit, iLarvae$fit + 1.96*iLarvae$se.fit)

exp(ci)/(1+exp(ci))

Probability that a plant with 20 larva will be marketable

" {r prob_20,echo=FALSE}

piLarvae = predict.glm(logRegLab,data.frame(LarvaeLab=20),type =
"response",se.fit=T)

piLarvae$fit

*Cauliflower treated with 20 larvae has an 18% chance of marketability.
*Unmarketable --> 1 - 0.18 = 82%

95% Confidence Interval

" {r prob20_ci,echo=FALSE}

iLarvae = predict.glm(logRegLab,data.frame(LarvaeLab=20),se.fit=T)

ci = c(iLarvae$fit - 1.96*iLarvae$se.fit, iLarvae$fit + 1.96*iLarvae$se.fit)

exp(ci)/(1+exp(ci))

##Figures - Lab

Y {r fig_2,echo=FALSE}

#Making the dataframe that will be used by ggplot
larvUnq = unique(LarvaeLab)

avgDamage = tapply(Damage,
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LarvaelLab,

mean,

na.rm=T)
sdDamage = tapply(Damage,

LarvaeLab,

var,

na.rm =T)
seDamage = sqrt(sdDamage*(1-sdDamage)/25)
sumMarket = tapply(Marketable,

LarvaeLab,
sum,
na.rm =T)

est_market = sumMarket/25
not market = 1-est_market

se_market = sqrt(est_market*(1-est_market)/25)

tmpdf = cbind(larvUngq,
avgDamage,
sdDamage,
seDamage,
est market,
not market,
se_market)
labThreshDF = as.data.frame(tmpdf)

{r fig_3,echo=FALSE}
damagePlot = ggplot(labThreshDF,
aes(factor(larvUnq)))
damagePlot+
geom_bar(stat = "identity",
aes(x = factor(larvUnq),
y = avgDamage))+
geom_linerange(aes(x=factor(larvUnq),

ymax = avgDamage+seDamage,
ymin = avgDamage,
width = 0.2))+
theme classic()+
#ggtitle("Average Damage per Treatment")+
xlab("Number of Larvae Added to Plants")+
ylab("Cauliflower Damage")+
theme(axis.text = element_text(size = 15))+
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# geom_hline(yintercept = 1,

# color="Red",

# linetype="dashed")+

# geom_text(aes(1.1,1,

# label = "Marketable",

# color="red",

# vjust = 1.4)) +

# geom_text(aes(1.1,1,

# label = "Unmarketable",

# color="red",

# vjust =-1)) +

theme(text = element_text(size = 18))
# theme(axis.title = element_text(size = 25))

Filled barplot marketability

Y {r fig_4,echo=F}
tmpdf = cbind(rep(larvUng,2),
c(rep(1,6),
rep(0,6)),
c(est_market,not market))
colnames(tmpdf) = c("larv","fill","market")
marketDF = as.data.frame(tmpdf)

marketFill = ggplot(marketDF,
aes(x=factor(larv),
y=market,
fill=as.factor(fill)))

marketFill +
geom_bar(position = "fill",
stat = "identity") +

theme classic() +

scale fill manual(values = c¢("darksalmon",
"deepskyblue4")) +

xlab("Number of Larvae Added to Plants") +

ylab("Marketable Cauliflower") +

guides(fill=FALSE) +

theme(text = element_text(size = 18))
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" {r group_barplot,echo=F}
# par(cex=1.5)
black.text <- element_text(color = "black")
group_bar larvae = ggplot(damage grouped,
aes(as.factor(Larvae),
value))

group_bar larvae +

geom_bar(aes(fill = variable),

position ="dodge",

stat="identity") +
guides(fill=guide legend(title="Damage Rank")) +
theme classic(base_size = 20) +
theme(axis.text = black.text,

legend.position = "bottom")+

scale x_discrete(name="Number of Larvae Applied to Cauliflower") +
scale y continuous(name="Cauliflower Plants")

##What is the marketability threshold for swede midge?
###Marketability - Lab

Barplot of Percent Marketability for each Treatment

Y {r fig_5,echo=FALSE}
marketPlot = ggplot(labThreshDF,
aes(factor(larvUnq)))
marketPlot+
geom_bar(stat = "identity",
aes(x = factor(larvUnq),
y = sumMarket))+
geom_errorbar(aes(x=factor(larvUnq),

ymax = sumMarket+se market,

ymin = sumMarket,

width = 0.2))+
theme classic()+
#ggtitle("Average Damage per Treatment")+
xlab("Number of Larvae")+
ylab("Marketable Plants")+
theme(axis.text = element_text(size = 15))+
geom_hline(yintercept = 12.5,

color="Red",
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linetype="dashed")+
geom_text(aes(4,12.5,
label = "50% Marketability",
color="red",
vjust =-1.4)) +
geom_hline(yintercept = 18.75,
color="Red",
linetype="dashed")+
geom_text(aes(4,18.75,
label = "75% Marketability",
color="red",
vjust =-1.4)) +
geom_hline(yintercept = 6.25,
color="Red",
linetype="dashed")+
geom_text(aes(4,6.25,
label = "25% Marketability",
color="red",
vjust =-1.4)) +
theme(text = element_text(size = 18))
#theme(axis.title = element_text(size = 25))

#Testing Methods - Larval Survival

" {r load2,echo=FALSE}

detach(ecoThreshLab)

larvSurv = read.csv("~/Desktop/SwedeMidge/manuscripts/20170329-ms-sam-
thresh/data/20170420-sam-larv-surv.csv'")

attach(larvSurv)

Mean of Surviving Larvae

(A=1,B=3,C=5,D=10,E=20)

“rsurv_1,echo=FALSE}

levels(Label surv)[1]="1 Larva"

levels(Label surv)[2] ="3 Larvae"

levels(Label surv)[3] ="5 Larvae"

levels(Label surv)[4] ="10 Larvae"

levels(Label surv)[5]="20 Larvae"

tmpl = by(Larvae_after,Label surv,mean,na.rm=T)

surv_df mean = as.data.frame(cbind(levels(Label surv),
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unlist(tmp1)))
rownames(surv_df mean) = c()
colnames(surv_df mean) = c("Treatment",
"Average # Surviving Larvae")
surv_df mean

Variance of Surviving Larvae

(A=1,B=3,C=5,D=10,E=20)

Y {rsurv_2,echo=FALSE}
tmp2 = by(Larvae after,Label surv,

var,
na.rm=T)
surv_df var = as.data.frame(cbind(levels(Label surv),

unlist(tmp2)))
rownames(surv_df var) = c()
colnames(surv_df var) = c("Treatment",
"Variance of # Surviving")
surv_df var
surv_df mean[,3]=surv_df var[,2]

#Does plant age at infestation influence the likelihood it will be marketable?

##Plant Age - Field

“*{rload 3,echo=FALSE}

#detach(ecoThreshLab)

detach(larvSurv)

ecoThreshBRC = read.csv("~/Desktop/SwedeMidge/manuscripts/20170329-ms-sam-
thresh/data/20170329-eco-thresh-bre.csv")

attach(ecoThreshBRC)
#head(ecoThreshBRC)

Average Damage for 3 Week Assessments

" {r field avg,echo=FALSE}

head(ecoThreshBRC)

hall 3w = as.matrix(by(Hallett 3w,
Code2,
mean,

44



na.rm=T))
hall 6w = as.matrix(by(Hallett 6w,
Code2,
mean,
na.rm=T))
hall 9w = as.matrix(by(Hallett 9w,
Code2,
mean,
na.rm=T))
sd_3w = as.matrix(by(Hallett 3w,
Code2,
sd,
na.rm=T))
sd_6w = as.matrix(by(Hallett 6w,
Code2,
sd,
na.rm=T))
sd_9w = as.matrix(by(Hallett 9w,
Code2,
sd,
na.rm=T))

fieldDamage = cbind(hall 3w,hall 6w[,1],hall 9w[,1])
sdField = cbind(sd 3w,sd 6w[,1],sd 9w][,1])

colnames(fieldDamage) = c¢("3 Weeks","6 Weeks","9 Weeks")
colnames(sdField) = c¢("3 Weeks","6 Weeks","9 Weeks")
fieldDamage

mean(sdField)

##Damage Regression - Field

" {rlog reg damage fieldl,echo=F}

poissRegBRC 1 =

glm(ecoThreshBRC$Hallett 3w~ecoThreshBRC$LarvaeBRC2*ecoThreshBRC$Time,fa
mily = poisson)

summary(poissRegBRC 1)

" {rlog reg damage field2,echo=F}

poissRegBRC 2 =

glm(ecoThreshBRC$Hallett 6w~ecoThreshBRC$LarvaeBRC2*ecoThreshBRC$Time,fa
mily = poisson)
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summary(poissRegBRC 2)

' {rlog reg damage field3,echo=F}

poissRegBRC 3 =

glm(ecoThreshBRC$Hallett 9w~ecoThreshBRC$LarvaeBRC2*ecoThreshBRC$Time,fa
mily = poisson)

summary(poissRegBRC 3)

##Counts and Figures - Field

" {r field_damage counts,echo=FALSE}

con 0 4 =nrow(ecoThreshBRC[which(LarvaeBRC2==0 & Time==1 &
Hallett 3w==0),])

con_1 4 =nrow(ecoThreshBRC[which(LarvaeBRC2==0 & Time==1 &
Hallett 3w==0.5),])

con 2 4 =nrow(ecoThreshBRC[which(LarvaeBRC2==0 & Time==1 &
Hallett 3w==1),])

con 3 4 =nrow(ecoThreshBRC[which(LarvaeBRC2==0 & Time==1 &
Hallett 3w==1.5),])

con 4 4 =nrow(ecoThreshBRC[which(LarvaeBRC2==0 & Time==1 &
Hallett 3w==2),])

con 5 4 =nrow(ecoThreshBRC[which(LarvaeBRC2==0 & Time==1 &
Hallett 3w==2.5),])

con 6 4 =nrow(ecoThreshBRC[which(LarvaeBRC2==0 & Time==1 &
Hallett 3w==3),])

con 0 8 =nrow(ecoThreshBRC[which(LarvaeBRC2==0 & Time==2 &
Hallett 6w==0),])

con 1 8 =nrow(ecoThreshBRC[which(LarvaeBRC2==0 & Time==2 &
Hallett 6w==0.5),])

con 2 8 =nrow(ecoThreshBRC[which(LarvaeBRC2==0 & Time==2 &
Hallett 6w==1),])

con 3 8 =nrow(ecoThreshBRC[which(LarvaeBRC2==0 & Time==2 &
Hallett 6w==1.5),])

con 4 8 =nrow(ecoThreshBRC[which(LarvaeBRC2==0 & Time==2 &
Hallett 6w==2),])

con 5 8 =nrow(ecoThreshBRC[which(LarvaeBRC2==0 & Time==2 &
Hallett 6w==2.5),])

con 6 8 =nrow(ecoThreshBRC[which(LarvaeBRC2==0 & Time==2 &
Hallett 6w==3),])

con 0 12 =nrow(ecoThreshBRC[which(LarvaeBRC2==0 & Time==3 &
Hallett 9w==0),])
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con_1 12 =nrow(ecoThreshBRC[which(LarvaeBRC2==0 & Time==3 &
Hallett 9w==0.5),])

con 2 12 =nrow(ecoThreshBRC[which(LarvaeBRC2==0 & Time==3 &
Hallett 9w==1),])

con_3 12 =nrow(ecoThreshBRC[which(LarvaeBRC2==0 & Time==3 &
Hallett 9w==1.5),])

con_4 12 =nrow(ecoThreshBRC[which(LarvaeBRC2==0 & Time==3 &
Hallett 9w==2),])

con 5 12 =nrow(ecoThreshBRC[which(LarvaeBRC2==0 & Time==3 &
Hallett 9w==2.5),])

con_6 12 =nrow(ecoThreshBRC[which(LarvaeBRC2==0 & Time==3 &
Hallett 9w==3),])

one 0 4 =nrow(ecoThreshBRC[which(LarvaeBRC2==1 & Time==1 &
Hallett 3w==0),])

one 1 4 =nrow(ecoThreshBRC[which(LarvaeBRC2==1 & Time==1 &
Hallett 3w==0.5),])

one 2 4 =nrow(ecoThreshBRC[which(LarvaeBRC2==1 & Time==1 &
Hallett 3w==1),])

one 3 4 =nrow(ecoThreshBRC[which(LarvaeBRC2==1 & Time==1 &
Hallett 3w==1.5),])

one 4 4 =nrow(ecoThreshBRC[which(LarvaeBRC2==1 & Time==1 &
Hallett 3w==2),])

one 5 4 =nrow(ecoThreshBRC[which(LarvaeBRC2==1 & Time==1 &
Hallett 3w==2.5),])

one 6 4 =nrow(ecoThreshBRC[which(LarvaeBRC2==1 & Time==1 &
Hallett 3w==3),])

one 0 8 =nrow(ecoThreshBRC[which(LarvaeBRC2==1 & Time==2 &
Hallett 6w==0),])

one 1 8 =nrow(ecoThreshBRC[which(LarvaeBRC2==1 & Time==2 &
Hallett 6w==0.5),])

one 2 8 =nrow(ecoThreshBRC[which(LarvaeBRC2==1 & Time==2 &
Hallett 6w==1),])

one 3 8 =nrow(ecoThreshBRC[which(LarvaeBRC2==1 & Time==2 &
Hallett 6w==1.5),])

one 4 8 =nrow(ecoThreshBRC[which(LarvaeBRC2==1 & Time==2 &
Hallett 6w==2),])

one 5 8 =nrow(ecoThreshBRC[which(LarvaeBRC2==1 & Time==2 &
Hallett 6w==2.5),])

one 6 8 =nrow(ecoThreshBRC[which(LarvaeBRC2==1 & Time==2 &
Hallett 6w==3),])

one 0 12 =nrow(ecoThreshBRC[which(LarvaeBRC2==1 & Time==3 &
Hallett 9w==0),])
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one 1 12 =nrow(ecoThreshBRC[which(LarvaeBRC2==1 & Time==3 &
Hallett 9w==0.5),])

one 2 12 =nrow(ecoThreshBRC[which(LarvaeBRC2==1 & Time==3 &
Hallett 9w==1),])

one 3 12 =nrow(ecoThreshBRC[which(LarvaeBRC2==1 & Time==3 &
Hallett 9w==1.5),])

one 4 12 =nrow(ecoThreshBRC[which(LarvaeBRC2==1 & Time==3 &
Hallett 9w==2),])

one 5 12 =nrow(ecoThreshBRC[which(LarvaeBRC2==1 & Time==3 &
Hallett 9w==2.5),])

one 6 12 =nrow(ecoThreshBRC[which(LarvaeBRC2==1 & Time==3 &
Hallett 9w==3),])

five 0 4 = nrow(ecoThreshBRC[which(LarvaeBRC2==2 & Time==1 &
Hallett 3w==0),])

five 1 4 = nrow(ecoThreshBRC[which(LarvaeBRC2==2 & Time==1 &
Hallett 3w==0.5),])

five 2 4 = nrow(ecoThreshBRC[which(LarvaeBRC2==2 & Time==1 &
Hallett 3w==1),])

five 3 4 = nrow(ecoThreshBRC[which(LarvaeBRC2==2 & Time==1 &
Hallett 3w==1.5),])

five 4 4 = nrow(ecoThreshBRC[which(LarvaeBRC2==2 & Time==1 &
Hallett 3w==2),])

five 5 4 = nrow(ecoThreshBRC[which(LarvaeBRC2==2 & Time==1 &
Hallett 3w==2.5),])

five 6 4 = nrow(ecoThreshBRC[which(LarvaeBRC2==2 & Time==1 &

Hallett 3w==3),])

five 0 8 = nrow(ecoThreshBRC[which(LarvaeBRC2==2 & Time==2 &
Hallett 6w==0),])

five 1 8 = nrow(ecoThreshBRC[which(LarvaeBRC2==2 & Time==2 &
Hallett 6w==0.5),])

five 2 8 = nrow(ecoThreshBRC[which(LarvaeBRC2==2 & Time==2 &
Hallett 6w==1),])

five 3 8 = nrow(ecoThreshBRC[which(LarvaeBRC2==2 & Time==2 &
Hallett 6w==1.5),])

five 4 8 = nrow(ecoThreshBRC[which(LarvaeBRC2==2 & Time==2 &
Hallett 6w==2),])

five 5 8 = nrow(ecoThreshBRC[which(LarvaeBRC2==2 & Time==2 &
Hallett 6w==2.5),])

five 6 8 = nrow(ecoThreshBRC[which(LarvaeBRC2==2 & Time==2 &
Hallett 6w==3),])

five 0 12 = nrow(ecoThreshBRC[which(LarvaeBRC2==2 & Time==3 &
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Hallett 9w==0),])

five 1 12 =nrow(ecoThreshBRC[which(LarvaeBRC2==2 & Time==3 &
Hallett 9w==0.5),])

five 2 12 = nrow(ecoThreshBRC[which(LarvaeBRC2==2 & Time==3 &
Hallett 9w==1),])

five 3 12 = nrow(ecoThreshBRC[which(LarvaeBRC2==2 & Time==3 &
Hallett 9w==1.5),])

five 4 12 = nrow(ecoThreshBRC[which(LarvaeBRC2==2 & Time==3 &
Hallett 9w==2),])

five 5 12 = nrow(ecoThreshBRC[which(LarvaeBRC2==2 & Time==3 &
Hallett 9w==2.5),])

five 6 12 = nrow(ecoThreshBRC[which(LarvaeBRC2==2 & Time==3 &
Hallett 9w==3),])

ten 0 4 = nrow(ecoThreshBRC[which(LarvaeBRC2==3 & Time==1 &
Hallett 3w==0),])

ten 1 4 =nrow(ecoThreshBRC[which(LarvaeBRC2==3 & Time==1 &
Hallett 3w==0.5),])

ten 2 4 = nrow(ecoThreshBRC[which(LarvaeBRC2==3 & Time==1 &
Hallett 3w==1),])

ten 3 4 = nrow(ecoThreshBRC[which(LarvaeBRC2==3 & Time==1 &
Hallett 3w==1.5),])

ten 4 4 = nrow(ecoThreshBRC[which(LarvaeBRC2==3 & Time==1 &
Hallett 3w==2),])

ten 5 4 = nrow(ecoThreshBRC[which(LarvaeBRC2==3 & Time==1 &

Hallett 3w==2.5),])
ten 6 4 = nrow(ecoThreshBRC[which(LarvaeBRC2==3 & Time==1 &
Hallett 3w==3),])

ten 0 8 = nrow(ecoThreshBRC[which(LarvaeBRC2==3 & Time==2 &
Hallett 6w==0),])

ten_1 8 = nrow(ecoThreshBRC[which(LarvaeBRC2==3 & Time==2 &
Hallett 6w==0.5),])

ten 2 8 = nrow(ecoThreshBRC[which(LarvaeBRC2==3 & Time==2 &
Hallett 6w==1),])

ten_3 8 = nrow(ecoThreshBRC[which(LarvaeBRC2==3 & Time==2 &
Hallett 6w==1.5),])

ten 4 8 = nrow(ecoThreshBRC[which(LarvaeBRC2==3 & Time==2 &
Hallett 6w==2),])

ten 5 8 = nrow(ecoThreshBRC[which(LarvaeBRC2==3 & Time==2 &
Hallett 6w==2.5),])

ten_6 8 = nrow(ecoThreshBRC[which(LarvaeBRC2==3 & Time==2 &
Hallett 6w==3),])
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ten 0 12 = nrow(ecoThreshBRC[which(LarvaeBRC2==3 & Time==3 &
Hallett 9w==0),])

ten 1 12 = nrow(ecoThreshBRC[which(LarvaeBRC2==3 & Time==3 &
Hallett 9w==0.5),])

ten 2 12 = nrow(ecoThreshBRC[which(LarvaeBRC2==3 & Time==3 &
Hallett 9w==1),])

ten 3 12 = nrow(ecoThreshBRC[which(LarvaeBRC2==3 & Time==3 &
Hallett 9w==1.5),])

ten 4 12 = nrow(ecoThreshBRC[which(LarvaeBRC2==3 & Time==3 &
Hallett 9w==2),])

ten 5 12 = nrow(ecoThreshBRC[which(LarvaeBRC2==3 & Time==3 &
Hallett 9w==2.5),])

ten 6 12 = nrow(ecoThreshBRC[which(LarvaeBRC2==3 & Time==3 &
Hallett 9w==3),])

twenty 0 4 = nrow(ecoThreshBRC[which(LarvaeBRC2==4 & Time==1 &
Hallett 3w==0),])

twenty 1 4 = nrow(ecoThreshBRC[which(LarvaeBRC2==4 & Time==1 &
Hallett 3w==0.5),])

twenty 2 4 = nrow(ecoThreshBRC[which(LarvaeBRC2==4 & Time==1 &
Hallett 3w==1),])

twenty 3 4 = nrow(ecoThreshBRC[which(LarvaeBRC2==4 & Time==1 &
Hallett 3w==1.5),])

twenty 4 4 = nrow(ecoThreshBRC[which(LarvaeBRC2==4 & Time==1 &

Hallett 3w==2),])

twenty 5 4 = nrow(ecoThreshBRC[which(LarvaeBRC2==4 & Time==1 &
Hallett 3w==2.5),])

twenty 6 4 = nrow(ecoThreshBRC[which(LarvaeBRC2==4 & Time==1 &
Hallett 3w==3),])

twenty 0 8 = nrow(ecoThreshBRC[which(LarvaeBRC2==4 & Time==2 &
Hallett 6w==0),])

twenty 1 8 = nrow(ecoThreshBRC[which(LarvaeBRC2==4 & Time==2 &
Hallett 6w==0.5),])

twenty 2 8 = nrow(ecoThreshBRC[which(LarvaeBRC2==4 & Time==2 &
Hallett 6w==1),])

twenty 3 8 = nrow(ecoThreshBRC[which(LarvaeBRC2==4 & Time==2 &
Hallett 6w==1.5),])

twenty 4 8 = nrow(ecoThreshBRC[which(LarvaeBRC2==4 & Time==2 &
Hallett 6w==2),])

twenty 5 8 = nrow(ecoThreshBRC[which(LarvaeBRC2==4 & Time==2 &
Hallett 6w==2.5),])

twenty 6 8 = nrow(ecoThreshBRC[which(LarvaeBRC2==4 & Time==2 &
Hallett 6w==3),])
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twenty 0 12 = nrow(ecoThreshBRC[which(LarvaeBRC2==4 & Time==3 &
Hallett 9w==0),])

twenty 1 12 =nrow(ecoThreshBRC[which(LarvaeBRC2==4 & Time==3 &
Hallett 9w==0.5),])

twenty 2 12 =nrow(ecoThreshBRC[which(LarvaeBRC2==4 & Time==3 &
Hallett 9w==1),])

twenty 3 12 = nrow(ecoThreshBRC[which(LarvaeBRC2==4 & Time==3 &
Hallett 9w==1.5),])

twenty 4 12 =nrow(ecoThreshBRC[which(LarvaeBRC2==4 & Time==3 &
Hallett 9w==2),])

twenty 5 12 =nrow(ecoThreshBRC[which(LarvaeBRC2==4 & Time==3 &
Hallett 9w==2.5),])

twenty 6 12 = nrow(ecoThreshBRC[which(LarvaeBRC2==4 & Time==3 &
Hallett 9w==3),])

#market 4 wk = ecoThreshBRC[which()]

" {r field_damage df,echo=FALSE}

field damage counts df <- data.frame(Larvae = c(0,0,0,
1,1,1,
5,5.5,

10,10,10,
20,20,20),
Assessment = ¢(4,8,12,
4,8,12,
4,8,12,
4,8,12,
4,8,12),
Zero=c(con_0 4,con 0 8,con 0 12,
one 0 4,one 0 8,one 0 12,
five 0 4.five 0 8,five 0 12,
ten 0 4,ten O 8ten 0 12,
twenty 0 4,twenty 0 8,twenty 0 12),
One =c(con 1 4,con 1 8,con 1 12,
one 1 4,one 1 8one 1 12,
five 1 4.five 1 8five 1 12,
ten 1 4ten 1 8ten 1 12,
twenty 1 4,twenty 1 8twenty 1 12),
Two =c(con_2 4,con 2 8,con 2 12,
one 2 4,one 2 8,one 2 12,
five 2 4.five 2 8.five 2 12,
ten 2 4,ten 2 8ten 2 12,
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twenty 2 4,twenty 2 8twenty 2 12),
Three =c(con_3 4,con 3 8,con 3 12,

one 3 4,one 3 8,one 3 12,

five 3 4.,five 3 8.five 3 12,

ten 3 4,ten 3 8ten 3 12,

twenty 3 4,twenty 3 8,twenty 3 12),
Four =c(con_4 4,con 4 8,con 4 12,

one 4 4,one 4 8,one 4 12,

five 4 4.five 4 8.five 4 12,

ten 4 4,ten 4 8ten 4 12,

twenty 4 4,twenty 4 8,twenty 4 12),
Five =c(con_5 4,con 5 8,con 5 12,

one 5 4,one 5 8,one 5 12,

five 5 4.,five 5 8.five 5 12,

ten 5 4,ten 5 8ten 5 12,

twenty 5 4,twenty 5 8,twenty 5 12),
Six =c¢(con_6 4,con 6 8,con 6 12,

one 6 4,one 6 8,one 6 12,

five 6 4,five 6 8.five 6 12,

ten 6 4,ten 6 8ten 6 12,

twenty 6 4,twenty 6 8twenty 6 12))

field damage grouped = melt(field damage counts df, id.vars =
c('Larvae','Assessment'))

" {r field_damage bar 30,echo=FALSE}
field grouped 4w = field damage grouped[field damage grouped$Assessment==4,]

sd_value = aggregate(value ~ Larvae + variable,
data = field damage grouped,
sd,na.rm=T)

sd_value 4w = sd value$value[c(1,3,7,
9,13,15,
17,19,21,
23,25,26,
28,30)]

black.text <- element_text(color = "black")
group_bar larvae = ggplot(field grouped 4w,
aes(as.factor(Larvae),
value))

pl = group bar larvae +
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geom_bar(aes(fill = variable),
position ="dodge",
stat="identity") +
# geom_errorbar(aes(ymin=value,
# ymax=value+sd_value 4w))+
guides(fill=guide legend(title="Damage Rank")) +
theme classic(base_size = 20) +
theme(axis.text = black.text,
legend.position = "none") +
scale x_discrete(name="Number of Larvae Applied to Cauliflower at 30 DAS") +
scale y continuous(name="Cauliflower Plants",
limits = ¢(0,
30))

pl

" {r field_damage bar 55,echo=FALSE}
field grouped 8w = field damage grouped[field damage grouped$Assessment==8,]

black.text <- element_text(color = "black")
group bar larvae = ggplot(field grouped 8w,
aes(as.factor(Larvae),
value))

p2 = group_bar larvae +
geom_bar(aes(fill = variable),
position ="dodge",
stat="identity") +
guides(fill=guide legend(title="Damage Rank")) +
theme classic(base_size = 20) +
theme(axis.text = black.text,
legend.position = "none") +
scale x_discrete(name="Number of Larvae Applied to Cauliflower at 55 DAS") +
scale_y continuous(name="Cauliflower Plants",
limits = ¢(0,
30))
p2

" {r field_damage bar 80,echo=FALSE}
field grouped 12w = field damage grouped|[field damage grouped$Assessment==12,]

black.text <- element_text(color = "black")
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group_bar larvae = ggplot(field grouped 12w,
aes(as.factor(Larvae),
value))
p3 = group_bar larvae +
geom_bar(aes(fill = variable),
position ="dodge",
stat="identity") +
guides(fill=guide legend(title="Damage Rank")) +
theme classic(base_size = 20) +
theme(axis.text = black.text,
legend.position = "bottom") +
scale x_discrete(name="Number of Larvae Applied to Cauliflower at 80 DAS") +
scale y continuous(name="Cauliflower Plants")

“"{rload 4, echo=FALSE}
detach(ecoThreshBRC)

#detach(larvMAT)

marketThreshBRC = read.csv("~/Desktop/SwedeMidge/manuscripts/20170329-ms-sam-
thresh/data/20180425-eco-thresh-market.csv")

attach(marketThreshBRC)

#unique(threshBRC$Code)

##Damage Stats - Field

{rlog reg damage field4,echo=FALSE}

logRegBRC damagel = glm(formula = Hallett~LarvaeBRC*Age,
family = poisson)

logRegBRC damage2 = glm(formula = Hallett~LarvaeBRC*Age,
family = poisson)

summary(logRegBRC damagel)

Testing the null hypothesis to give support to our alternative. Significance means we
reject the null.

" {rreg test damage4,echo=FALSE}
damageFieldReduced = glm(Hallett~1,
family = poisson)
anova(damageFieldReduced,
logRegBRC damagel,
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test="Chisq")

##Plant Age Stats - Field

Logistic regression
(Formula: $M=e"{ax}$)

" {r log _reg3,echo=FALSE}

logRegBRC2 = glm(formula = Marketable~LarvacBRC*Age,
family = binomial)

logRegBRC = glm(formula = Marketable~LarvaeBRC*Age,
family = binomial)

summary(logRegBRC2)

Testing the null hypothesis to give support to our alternative. Significance means we
reject the null.

" {rreg test3,echo=FALSE}
logFieldReduced = glm(Marketable~1,
family = binomial)
anova(logFieldReduced,
logRegBRC,
test="Chisq")

How the likelihood of marketability changes as a function of larvae
" {r market change2,echo=FALSE}
exp(coef(logRegBRC))

95% Conf Int

" {r market2 ci,echo=FALSE}
exp(confint.default(logRegBRC))

Y {rlog reg fig field 4w,echo=FALSE}
field market 30 = marketThreshBRC[marketThreshBRC$Age==30,]

par(cex=1.35)
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pl_mkt = logi.hist.plot(field market 30$LarvaeBRC,
field market 30$Marketable,
boxp=FALSE,
type="hist",
col="gray",
xlabel = "Number of Larvae Applied to Cauliflower at 30 DAS",
ylabel = "Probability that Cauliflower is Marketable",
ylabel2 = "Cauliflower Plants")

Y {rlog reg fig field 8w,echo=FALSE}
field market 55 = marketThreshBRC[marketThreshBRC$Age==55,]

par(cex=1.35)

p2_mkt = logi.hist.plot(field market 55$LarvaeBRC,
field market 55$Marketable,
boxp=FALSE,

type="hist",

col="gray",

xlabel = "Number of Larvae Applied to Cauliflower at 55 DAS",
ylabel = "Probability that Cauliflower is Marketable",

ylabel2 = "Cauliflower Plants",

counts = FALSE)

Y {rlog reg fig field 12w,echo=FALSE}
field market 80 = marketThreshBRC[marketThreshBRC$Week==12,]

par(cex=1.35)
p3_mkt = logi.hist.plot(field market 80$LarvaeBRC,
field market 80$Marketable,
boxp=FALSE,
type="hist",
col="gray",
xlabel = "Number of Larvae Applied to Cauliflower at 80 DAS",
ylabel = "Probability that Cauliflower is Marketable",
ylabel2 = "Cauliflower Plants",
counts = FALSE)

Y {r field_fig all,echo=FALSE}
# grid.arrange(c(pl,pl_mkt),c(p2,p2_mkt),c(p3,p3_mkt),nrow=3,ncol=2)
# grid.arrange(p1,p2,p3,ncol=1,top="Temporary Title")
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###4 Week Regressions - Field

" {r damage reg_ field 4w, echo=F}
damageRegBRC 30 = glm(Hallett~LarvaeBRC*Week,
data = field market 30,
family = poisson)
summary(damageRegBRC 30)

" {r market reg field 4w, echo=F}

marketRegBRC 30 = glm(Marketable~LarvaeBRC*Week,data = field market 30,family
= binomial)

summary(marketRegBRC 30)

###8 Week Marketability Regression - Field

" {r damage reg_field 8w, echo=F}
damageRegBRC 55 = glm(Hallett~LarvaeBRC*Week,
data = field market 55,
family = poisson)
summary(damageRegBRC 55)

" {r market reg field 8w, echo=F}
marketRegBRC 55 = glm(Marketable~LarvaeBRC*Week,
data = field market 55,
family = binomial)
summary(marketRegBRC 55)

###12 Week Marketability Regression - Field

' {r damage reg field 12w, echo=F}
damageRegBRC 80 = glm(Hallett~LarvaeBRC*Week,
data = field market 80,
family = poisson)
summary(damageRegBRC 80)

" {r market reg field 12w, echo=F}
marketRegBRC 80 = glm(Marketable~LarvaeBRC*Week,
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data = field market 80,
family = binomial)
summary(marketRegBRC 80)

##Probabilities - Field
Probability that a plant treated with 0 larva 30 DAT will be marketable

" {r market 030,echo=FALSE}

piLarvae030 = predict.glm(logRegBRC,
data.frame(LarvaeBRC=0,Age=30),
type = "response",
se.fit=T)

pi030 = piLarvae030$fit

pi030

Probability that a plant treated with 0 larva 55 DAT will be marketable

" {r market 050,echo=FALSE}

piLarvae055 = predict.glm(logRegBRC,
data.frame(LarvaeBRC=0,Age=55),
type = "response",
se.fit=T)

pi055 = piLarvae055$fit

pi055

Probability that a plant treated with 0 larva 80 DAT will be marketable

" {r market 080,echo=FALSE}

piLarvae080 = predict.glm(logRegBRC,
data.frame(LarvaeBRC=0,Age=80),
type = "response",
se.fit=T)

pi080 = piLarvae080$fit

pi080

Probability that a plant treated with 1 larva 30 DAT will be marketable

" {r market 130,echo=FALSE}
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piLarvae130 = predict.glm(logRegBRC,
data.frame(LarvaeBRC=1,Age=30),
type = "response",
se.fit=T)

pil30 = piLarvael30$fit

pil30

Probability that a plant treated with 1 larva 55 DAT will be marketable

" {r market 155,echo=FALSE}

piLarvael55 = predict.glm(logRegBRC,
data.frame(LarvaeBRC=1,Age=55),
type = "response",
se.fit=T)

pil55 = piLarvael 55$fit
pil55

Probability that a plant treated with 1 larva 80 DAT will be marketable

" {r market 180,echo=FALSE}

piLarvae180 = predict.glm(logRegBRC,
data.frame(LarvaeBRC=1,Age=80),
type = "response",
se.fit=T)

pil80 = piLarvael80$fit

pil80

Probability that a plant treated with 5 larva 30 DAT will be marketable

" {r market 530,echo=FALSE}

piLarvae530 = predict.glm(logRegBRC,
data.frame(LarvaeBRC=5,Age=30),
type = "response",
se.fit=T)

pi530 = piLarvae530$fit

pi530

Probability that a plant treated with 5 larva 55 DAT will be marketable

" {r market 555,echo=FALSE}
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piLarvae555 = predict.glm(logRegBRC,
data.frame(LarvaeBRC=5,Age=55),
type = "response",
se.fit=T)

pi555 = piLarvae555$fit

piss5s

Probability that a plant treated with 5 larva 80 DAT will be marketable

" {r market 580,echo=FALSE}

piLarvae580 = predict.glm(logRegBRC,
data.frame(LarvaeBRC=5,Age=80),
type = "response",

se.fit=T)
pi580 = piLarvae580$fit
pi580

Probability that a plant treated with 10 larva 30 DAT will be marketable

" {r market 1030,echo=FALSE}

piLarvae1030 = predict.glm(logRegBRC,
data.frame(LarvaeBRC=10,Age=30),
type = "response",
se.fit=T)

pil030 = piLarvae1030$fit

pil030

Probability that a plant treated with 10 larva 55 DAT will be marketable

" {r market 1055,echo=FALSE}

piLarvae1055 = predict.glm(logRegBRC,
data.frame(LarvaeBRC=10,Age=55),
type = "response",
se.fit=T)

pil055 = piLarvael055$fit

pil055

Probability that a plant treated with 10 larva 80 DAT will be marketable

" {r market 1080,echo=FALSE}
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piLarvae1080 = predict.glm(logRegBRC,
data.frame(LarvaeBRC=10,Age=80),
type = "response",
se.fit=T)

pil080 = piLarvael080$fit

pil080

Probability that a plant treated with 20 larva 30 DAT will be marketable

" {r market 2030,echo=FALSE}
piLarvae2030 = predict.glm(logRegBRC,
data.frame(LarvaeBRC=20,Age=30),

type = "response",
se.fit=T)

pi2030 = piLarvae2030$fit

pi2030

Probability that a plant treated with 20 larva 55 DAT will be marketable

" {r market 2055,echo=FALSE}

piLarvae2055 = predict.glm(logRegBRC,
data.frame(LarvaeBRC=20,Age=55),
type = "response",
se.fit=T)

pi2055 = piLarvae2055$fit

pi2055

Probability that a plant treated with 20 larva 80 DAT will be marketable

" {r market 2080,echo=FALSE}

piLarvae2080 = predict.glm(logRegBRC,
data.frame(LarvaeBRC=20,Age=80),
type = "response",
se.fit=T)

pi2080 = piLarvae2080$fit

pi2080

##Marketability Table - Field

" {r market_tab,echo=F}
61



marketProbTable = cbind(rbind(0,0,0,
1,1,1,
5,5,5,
10,10,10,
20,20,20),
rbind(30,55,80,
30,55,80,
30,55,80,
30,55,80,
30,55,80),
rbind(pi030,pi055,pi080,
pi130,pil55,pil 8O0,

pi530,pi555,pi580,
pi1030,pi1055,pi1080,
pi2030,pi2055,pi2080)*100)

rownames(marketProbTable) = NULL
colnames(marketProbTable) = ¢("Larvae",
HDATH’
"Probability of
Marketability")

as.data.frame(marketProbTable)

##Figures - Field
##Marketability Heatmap - Field
**{r heatmap,echo=F,message=F }

probsM = matrix(c(pi030,pi130,pi530,pi1030,pi2030,
pi055,pi155,pi555,pil1055,pi2055,
pi080,pi180,pi580,pi1080,pi2080),
nrow = 5,ncol = 3)

t <- list(
family = "sans serif",
size = 18,
color = 'black")

m <- list(
1=100,
r =100,
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b =100,

t=100,

pad =4
)

market map = plot_ly(x = c("30 DAT",
"S55 DAT",
"80 DAT"),
y = as.factor(c("0 larvae",
"1 larva",
"5 larvae",

"10 larvae",
"20 larvae")),
z = 1-probsM,
colors = "YIOrRd",
type = "heatmap")%>%
layout(title="Likelihood of unmarketability",
font=t)%>%
layout(autosize = F,
width = 600,
height = 600,
margin = m)
market map
#htmlwidgets::saveWidget(market map, "market map.html")

Figure for plant age effect on damage

Y {r fig_7,echo=F}

ageMAT = aggregate(Hallett,
by=list(Age,Week),
mean,na.rm=7)

sdMAT = aggregate(Hallett,
by=list(Age,Week),
sd,na.rm=T)

std.err <- function(x) sd(x,na.rm=T)/sqrt(length(x))
seMAT = aggregate(Hallett,by=list(Age, Week),std.err)

#matplot(list(ageMAT([,1],ageMAT[,2],ageMAT[,3]),ageMAT[,4],type = c("b"),pch=1)
#plot(ageMAT][,3]~ageMAT][,1],axes=F,type="p")
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colnames(ageMAT) = c("Age"," Assessment","Hallett")
ageMAT["StdErr"] = seMAT[,3]

ageMATS$Age = as.factor(ageMAT$Age)

ageMATS$Assessment[ageMATS$Assessment=="3"] = "4"

ageMATS$Assessment[ageMATS$Assessment=="6"] = "8"

ageMATS$Assessment[ageMAT$Assessment=="9"] ="12"

ageMATS$Assessment <- factor(ageMAT$Assessment,
ICVCIS=C(”4”, H8H’ H12H))

names(ageMAT)[names(ageMAT)=="Age"] = "Plant Age \nat Infestation"

“*{rload 5,echo=F}
detach(marketThreshBRC)
attach(ageMAT)

##Figure - Plant Age - Field
Y {r fig_8,echo=F}

ymin = Hallett - StdErr
ymax = Hallett + StdErr

as.factor(ageMAT([,1])
agePlot = ggplot(ageMAT,
aes(Assessment,
Hallett,
color="Plant Age \nat Infestation’,
group="Plant Age \nat Infestation"))

Y {r fig_9,echo=F}
agePlot+
geom_point(shape=19,
size=4)+
geom_line(size=1)+
geom_errorbar(ymin = ymin,
ymax = ymax,
color = "Black",
group = "Plant Age \nat Infestation’,
width=0)+
theme classic()+
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scale color brewer(palette = "Set1")+
coord_cartesian(xlim = c(1,3),

ylim = ¢(0,1))+
#ggtitle("Effect of plant age on average damage")+
xlab("Week of Assessment")+
ylab("Average Damage (Hallett Scale)")+
theme(axis.text = element_text(size = 15))+
theme(text = element_text(size = 18))

“*{rload 6,echo=F}
detach(ageMAT)
attach(marketThreshBRC)

##Figure - larval effect over time

Y {r fig_10,echo=F}
larvMAT = aggregate(Hallett,
by=list(LarvaeBRC,Week),
mean,na.rm=7)
sdMAT = aggregate(Hallett,
by=list(LarvaeBRC,Week),
sd,na.rm=T)

std.err <- function(x) sd(x,na.rm=T)/sqrt(length(x))
seMAT = aggregate(Hallett,
by=list(LarvaeBRC,Week),
std.err)

#matplot(list(ageMAT([,1],ageMAT[,2],ageMAT[,3]),ageMAT[,4],type = c("b"),pch=1)
#plot(ageMAT[,3]~ageMAT][,1],axes=F,type="p")

colnames(larvMAT) = ¢("Larvae",
"Assessment",
"Hallett")

larvMAT["StdErr"] = seMAT(,3]

larvMATS$Larvae = as.factor(larvMATS$Larvae)

larvMATS$Assessment[larvMAT$Assessment=="3"] = "4"
larvMATS$Assessment[larvMAT$Assessment=="6"] = "8"
larvMATS$Assessment[larvMAT$ Assessment=="9"] = "12"
larvMATS$Assessment <- factor(larvMATS$Assessment,
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ICVCIS=C(”4”, H8H’ n 12"))

“*{rload 7,echo=F}
detach(marketThreshBRC)
attach(larvMAT)

##Figure - Larval density and damage at different times
“{r fig_11,echo=F}

ymin = Hallett - StdErr
ymax = Hallett + StdErr

larvPlot = ggplot(larvMAT,
aes(Assessment,
Hallett,
color=Larvae,
group=Larvae))

{r fig_12,echo=F}
larvPlot+
geom_point(shape=19,size=4)+
geom_line(size=1)+
geom_errorbar(ymin = ymin,
ymax = ymax,
color = "Black",
group = Larvae,
width=0)+
theme classic()+
scale color brewer(palette = "Set1")+
coord_cartesian(xlim = c(1,3),
ylim = ¢(0,1))+
xlab("Week of Assessment")+
ylab("Average Damage (Hallett Scale)")+
theme(axis.text = element_text(size = 15))+
theme(text = element_text(size = 18))

“*{rload 8,echo=F}
detach(larvMAT)
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" {r warn,echo=FALSE}
options(warn = 0)
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CHAPTER 2: BIOLOGICAL ASSAYS
2.1. Abstract

Plant-based repellents have been used to manage insect pests for decades, but
identifying repellent compounds still follows a haphazard, trial-and-error approach. Since
the host range of specialist insects appears constrained by plant phylogeny, we
hypothesized that odors from less phylogenetically related plants would be more repellent
to a specialist herbivore. To better understand how non-host odors influence host
acceptance and whether there is a phylogenetic signal to repellency, we performed no-
choice and choice assays using swede midge (Contarinia nasturtii, Diptera:
Cecidomyiidae), a specialist herbivore of Brassica oleraceae. Given that a single swede
midge larva can render cauliflower unmarketable, repelling gravid females may be the
best option for managing this pest. Here, we sprayed 18 essential oils on broccoli and put
midges in the cage, specifically asking: 1) How do essential oils from different plant
species sprayed on broccoli influence midge densities on broccoli? 2) What is the
relationship between phylogenetic distance of non-host odors and larval densities on
broccoli? Finally, we analyzed the odor profiles of every essential oil asking: 3) Does
phylogenetic relatedness correlate with the variation across plant volatiles? We found that
non-host odors vary in their ability to modify the behavior of a specialist and that less
phylogenetically related plants are more repellent. Also, quantification and further
analysis of volatiles confirmed that variation across essential oil odors is not correlated

with phylogenetic relatedness.
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2.2. Introduction

The majority of phytophagous insects are specialists (Futuyma and Agrawal
2009) that use volatile cues to find and accept their host plants (Bernays and Chapman
1994; Renwick and Chew 1994; Gharalari et al. 2011). For specialist herbivores,
females recognize their plant hosts through volatile organic compounds (VOCs)
(Chapman 2003; Hora et al. 2005; Jefferis and Hummel 2006; Komiyama and Luo
2006; Schubert et al. 2014; Beyaert and Hilker 2014). Conversely, specialist herbivores
have frequently been found to be repelled by non-host plants in the field (Hambéck et
al. 2000; Barbosa et al. 2009; Castagneyrol et al. 2013), but the relationship between
plant variation and repellency is unclear. Although some insect herbivores are clearly
repelled by non-host odors (Papachristos and Stamopoulos 2001; Mann et al. 2012;
Krause Pham and Ray 2015), we still have limited understanding on how interspecific
variation in plant odors influence host acceptance behavior in specialist herbivores.
Plant-based compounds that repel herbivores could be a valuable tool for pest
management, but there are few guidelines available on how to systematically identify
plant species that are repellent to specific insect pests. As far as we can see, many
herbivore repellency studies tend to select highly aromatic plants without mentioning
specific criteria for their selection. However, due to the complexity of plant compounds
and the specificity of insect olfaction, it is difficult to predict which compounds are
likely to be repellent for a particular herbivore (Papachristos and Stamopoulos 2001;
Nerio et al. 2010; Krause Pham and Ray 2015).

How insects respond to non-host plants is less understood than host acceptance.
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Although non-host plants can clearly influence host acceptance by specialist insects in
the field (Harris and Brock 1972) and the lab (Mauchline et al. 2005; Diaz-Montano
and Trumble 2012), studies that test how plant phylogenetic distance affects host
acceptance are limited (Ness et al. 2011). For instance, while Le Guigo et al. (2012)
describe how non-host neighboring plants reduce host-acceptance by both specialist
and generalist aphids, whether the non-host plants disrupt host acceptance via chemical
stimuli (i.e. VOCs) or by physically blocking direct contact is unclear. Also, of 13
tested, 13 essential oil vapors were repellent against Acanthoscelides obtectus
(Papachristos and Stamopoulos 2001). On the other hand, out of 41 tested, only five
essential oils were repellent against Culex quinquefasciatus, Aedes aegypti, and
Anopheles stephensi (Amer and Mehlhorn 2006). Presently, it remains difficult to
predict which odors will repel which insects because studies necessarily repeat a trial-
and-error approach against each target insect.

It is unknown how insect specialists respond to increasingly phylogenetically
distant non-host plants. Because insect specialists are tightly associated with host
plants, sensory mechanisms exist that prevent egg laying on closely related congeners
(Ohsaki and Sato 1994; Bruce and Pickett 2011; Castagneyrol et al. 2013; Krause Pham
and Ray 2015). For example, while the antennal olfactory system detects volatiles in
flight, tarsi and abdominal segments contain receptors that provide additional checks
for plant chemistry after landing (Hallem et al. 2006). With a better understanding of
how non-preferred plant odors influence specialist insect behavior, these compounds

could provide targeted approaches for pest control (Isman 2006).
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Plant essential oils provide an effective vehicle for rapidly screening non-host
odors for their repellent properties. Their use in agriculture spans decades of research
(Regnault-Roger 1997; Duke et al. 2003; Isman 2006; Katz et al. 2008; Ferreira Maia
and Moore 2011; Regnault-Roger et al. 2012; Pickett et al. 2012; Deletre et al. 2016),
but selection of candidate repellents remains a haphazard, trial-and-error process. For
example, many species within Lamiaceae, the mint family, have been tested for their
repellent properties because the group is highly diverse in volatile organic compounds
(Isman 2006), but also because the compounds are frequently used in commercial
products consumed by humans. Regulations on their use in agriculture are less
restricted than essential oils from other plant groups (Quarles 1996).

Swede midge (Contarinia nasturtii; Diptera: Cecidomyiidae) is a galling fly that
specializes on broccoli and other varieties of Brassica oleraceae (Stokes 1953; Chen et
al. 2009). Since its invasion of North America (ca. 2000; Hallett and Heal 2001), the
midge has established from Saskatchewan to Prince Edward Island and Nova Scotia in
Canada, and throughout much of the northeast, including: New York, Vermont,
Massachusetts, Connecticut, and New Jersey
(http://web.entomology.cornell.edu/shelton/swede-midge/distribution.html). Galling
flies in the family Cecidomyiidae are particularly problematic in horticulture because of
their remarkable ability to circumvent and alter plant defenses (Harris et al. 2003;
Stuart et al. 2012). Where the midge has become established, marketable losses can
exceed 85% in heading brassicas annually (Hallett and Heal 2001), especially for

small-scale organic growers (Chen, pers. obs.). The midge is particularly damaging
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because even a single larva can cause marketable damage in cauliflower (Stratton et al.
2018). Because of the extreme sensitivity to midge larval feeding, management
strategies are needed to prevent oviposition. Plant-based repellents could be a valuable
tool to manage swede midge, especially in organic systems that lack effective foliar
insecticides (Wu et al. 2006). Given that swede midge specializes on B. oleraceae, it
may be repelled by all, some, or no odors from other plant families.

For this reason, we tested how swede midge female oviposition varies on host
plants treated with increasingly phylogenetically distant non-host odors using no-choice
and choice assays, predicting that less related plants are more likely to repel gravid
females. No-choice assays provide a method to screen odors for their ability to repel
herbivores from host plants (Deletre et al. 2016). On the other hand, choice assays are
needed to understand the relative preference between non-host odors and host odors,
which may be more predictive of choices in the field (Levin 1992; Randlkofer et al.
2007). Here, we screened 18 plant essential oils from 10 plant families for their ability
to repel gravid midge females from host plants using no-choice and choice assays in the
lab. If phylogenetic distance is correlated with repellency, we expect a negative
relationship between phylogenetic distance and the number of larvae found on the
plant. Specifically, we asked: 1) How do larval infestations of swede midge vary on
broccoli treated with different essential oils?, 2) What is the relationship between
phylogenetic relatedness of non-host odors to broccoli and larval density?

2.3. Methods

2.3.1. Plant Production
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Broccoli (B. oleracea var. Packman, Harris Seeds, Rochester, NY, USA) plants
were seeded in the University of Vermont (UVM) greenhouse in Burlington, VT in
128-cell trays (Greenhouse Megastore, LLC., Danville, IL) using Fafard® 3B potting
mix (Agawam, MA, USA). After 4 weeks, we transplanted seedlings into 10 cm square
pots, where they grew at 21° C and 45% RH, with a 16L:8D photoperiod cycle until 6-
8 true leaves had formed. Plants were fertilized twice weekly using 5-5-5 (N-P-K)
fertilizer diluted per label directions.

2.3.2. Colony Rearing

We maintained a colony of swede midge on cauliflower B. oleracea group
Botrytis ‘Snow Crown’ (Harris Seeds, Rochester, NY), using a protocol described in
Stratton et al. (In Press). While we reared the midge on cauliflower for the large bud
size, swede midge equally prefers cauliflower and broccoli (Hallett 2007). Briefly, we
placed 8-10 week old plants into the oviposition cages, where plants were exposed to
newly-emerging adults. The cauliflower plants were exposed to adults for 1 d and then
moved to additional cages where larvae developed for ~14 d at ~25 °C. After larvae
matured, we cut the apical meristems 3 cm below the crown and then inserted them into
the soil of the same pot to help fourth instar larvae reach the soil for pupation. The pots
with pupating larvae were placed back in the ovipositional cages, where adults emerged
and mated ~14 d later (Chen et al. 2011).

2.3.3. Essential Oils
We chose a diverse sampling of plant essential oils, extracted using steam

distillation, based on commercial availability (Bulk Apothecary, Streetsboro, Ohio) and
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their phylogenetic distance to Brassicaceae on the angiosperm phylogeny (Chase et al.
2016). We applied 1% dilutions of essential oils to the experimental broccoli plants (15
sprays per plant; 15 mL/plant) using separate handheld spray bottles (Sprayco
Consumer Products, Livonia, Michigan) for each odor treatment. In some cases,
essential oils had a phytotoxic effect on the broccoli plants. The damage ranged from
light brown scarring to complete defoliation. We recorded the phytotoxic effects
observationally for each essential oil. We used this qualitative data to restrict our
recommendations for agricultural use. Also, we performed preliminary trials testing
larvicidal effects of essential oils on swede midge using garlic, wintergreen, and
lemongrass essential oils (see supplementary materials). These trials suggest that
essential oil applications are not larvicidal.
2.3.4. No-choice Tests

Gravid females were introduced singly with 2 males into 0.3 m?® mesh cages
(Bioquip, Rancho Domingez, CA) containing a single broccoli plant treated with an
essential oil for 48 h. Twenty replicate cages were used for each treatment. We decided
that a randomized block design with multiple simultaneous essential oil treatments was
not appropriate for these trials because odors from neighboring cages could
conceivably alter results in different treatments. Instead, we tested five control plants,
isolated from the treatment group, as a check for ovipositional behavior in the absence
of non-host odors. Replicates for which control plants had less than 5 larvae were
discarded and repeated. Each treatment group spanned 2 weeks of testing (10 replicates

per week), with at least one week between each odor to ensure lingering volatiles were
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cleared from the air in the lab. Cages were placed in a room set at 23 °C with a 16:8 1:d
photoperiod using full spectrum fluorescent lights. Air in the building is circulated
every 7 min, so airflow through the mesh cages was consistent.

Due to the small size of midge eggs (<0.5 mm), we were unable to directly
count the number of eggs laid. Instead, the infested plants were raised for ~10 d in the
UVM greenhouse, so larvae could develop to a size detectable under a dissecting
microscope (Zeiss, San Diego, California). We processed broccoli plants by excising
the growing tip, dissecting the meristem in 70% dilute ethanol, and counted all larvae
found on each plant. We tested how larval densities varied between treated and
untreated plants using a negative binomial regression in R Studio (RStudio Team
2016). Figures were generated using the package ggplot2 (Wickham 2009).

2.3.5. Choice Tests

In order to determine the relative preference of non-host to host odors, we tested
if midges respond differently in assays containing both treated and untreated plants.
Each replicate consisted of a cage containing four broccoli plants (8-10 wk old): two
treated with 15 ml of a 1% dilution of one of the essential oils and two treated with 15
ml of deionized water. Treated and untreated plants were placed randomly at the
corners of a rectangular grid (0.38 m x 0.38 x 0.61 m mesh cages; BioQuip, Rancho
Domingez, CA), matching the minimum commercial spacing for brassica crops
(Coolong 2011). Four gravid female and six male midges were collected from our
colony using handheld mouth-aspirators (BioQuip, Rancho Domingez, CA), and then

released in the center of the cage, and left for 48 h. After the exposure period, we raised
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the infested plants in the greenhouse under the same conditions for 10 d, after which we
dissected the plants to count larval abundance.

Because the treatments were not were not independent within the cage, neither
parametric nor non-parametric statistics were appropriate to analyze these data (Roa
1992). Instead, we used percent change from control from no-choice tests to weight the
probability of successfully choosing untreated host plants in choice assays using
Hotelling’s T? tests following the F distribution in Microsoft Excel (see Chen and
Welter 2003). Significant associations from these statistics indicated that larval
distributions significantly varied between treated and untreated plants. In addition, we
calculated the odds ratios from a binomial regression to test the likelihood that midges
avoid treated plants when untreated plants are present.

2.3.6. Phylogenetic Relatedness of Plant Essential Qils

In order to calculate phylogenetic relatedness, we constructed a phylogeny by
concatenating matK (gene involved in posttranscriptional processing (Barthet and Hilu
2007)) and rbcL (gene that encodes for rubisco (Clegg 1993)) chloroplast nucleotide
sequences for each of the plant species from which essential oils were derived
(https://www.ncbi.nlm.nih.gov/genbank/). We were able to find sequences in GenBank
for both the matK or rbcL genes for all plant species, except the rbcL gene for
eucalyptus lemon. We assigned it an “NA” to exclude it from statistical tests.
Concatenated sequences ranged from 1004 (spearmint) to 2180 (rosemary) base pairs in
length. Sequence alignments were performed using muscle, a command-line application

(Edgar 2004). We used MrBayes (Ronquist et al. 2012), a bioinformatics package that
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uses Bayesian Markov chain Monte Carlo statistics to build the phylogenetic tree. The
sequence alignments were converted to nexus format (required input for MrBayes)
using a freely available online tool (http://phylogeny.lirmm.fr). Parameters were set to a
GTR nucleotide substitution model with gamma-distributed rate variation across sites.
The Bayesian model ran for 2 million generations before convergence on the most
supported tree.

Finally, we estimated phylogenetic relatedness by calculating the average
lengths for each of the branches and summing the distance from each essential oil to the
first shared node with Brassica oleraceae using FigTree (http://tree.bio.ed.ac.uk/). We
tested if there was a relationship between phylogenetic distance and larval infestation
using negative binomial regressions in RStudio (version 3.2.2). We also used a standard
linear regression to estimate R? values for each of these relationships from a linear fit.
2.3.7. Larval Mortality

Using similar methods to our no-choice tests, we also performed a preliminary
12 rep experiment testing for larvicidal impacts of a few plant essential oils on 25
larvae inoculated within broccoli growing tips. It is important to note that, on average,
half of larvae perish during the inoculation procedure (first described in Stratton et al.
2018). These trials indicated that essential oils were not larvicidal.

2.3.8. Gas Chromatography
To confirm that the commercial essential oils varied in volatile properties,
volatile collections were performed on 0.01% dilute concentrations of essential oils

using a push-pull system described in Szendrei et al. (2009). Purified air entered the
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odor chamber at 0.2 L/min and volatiles were collected in Alltech Super-Q absorbent
traps. Volatiles were eluted from the traps using dichloromethane (150 puL) and 400 ng
of n-octane was used as an internal standard. Compounds were separated and quantified
using a Hewlett-Packard 6890 Series gas chromatograph with a flame ionization
detector (GC-FID). Helium was used as the carrier gas and the temperature program
was set at 40°C for 1 min, 14°C/min to 180°C, and 40°C/min to 200°C. After
quantifying the individual compounds present in each essential oil, we performed a
principal component analysis across the standardized molecular masses of volatile
profiles passing through the detector per unit time.

In order to compare compounds of similar weights, we divided the raw
chromatograph data, consisting of the quantified mass of compounds reaching the
detector at the end of the coil per unit time, into 9 retention time windows of 1.2 min.
The logic for this approach was that heavier compounds take longer to reach the
detector at the end of the coil, so by comparing the same time window across the
essential oil chromatographs we effectively compare the compounds that have similar
masses. After dividing the chromatographs into 1.2 minute comparison windows, we
performed PCAs testing how compounds of similar molecular masses vary across
essential oils. Supplemental figures 1-9 show the correlations between the different
odors at each time window, with eigenvectors (i.e. scaled coefficients of linear
equations that mathematically describe the covariance matrix) plotted to emphasize the

variation.
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2.4. Results
Plants treated with essential oils had lower larval densities than those treated
with water (Fig. 1; Fig = 5.045, P <0.001). While lemongrass, cinnamon, and oregano
consistently reduced larval loads, caraway, coriander, and niaouli did not (Fig. 1).
Phylogenetic distance was negatively correlated with larval density (F19 = 19.76,
R?=0.47, P < 0.001), meaning that broccoli treated with odors from distantly-related
plants had less larvae. Specifically, lemongrass and garlic (distantly related monocots
from the grass family Poaceae and Amaryllidaceae, respectively) reduced larval
densities by more than 95%, while eucalyptus and niaouli (both closely related Malvids
from Myrtaceae) (Table 1), reduced larval density by 44% and 52%, respectively (Fig.
2). Date of treatment application was not a significant factor across our treatments.
Treated plants were consistently less preferred in choice tests (Table 2), but
some of the essential oils were less preferred than others (Figure 3a,b). While larvae
were >1000x less likely to be on plants treated with thyme or eucalyptus lemon
compared to untreated plants, they were roughly 5-10x less likely on plants treated with
any of the other odors. Eucalyptus and lemongrass were the exception, which were just
as likely to be infested with larvae when caged with untreated plants. Strangely, when
caged with both untreated plants and plants treated with cinnamon (a Magnolid in the
family Lauraceae; Table 1) midges, on average, oviposited more larvae on both treated
and untreated plants than with any other essential oil (Fig. 3a,b).
2.5. Discussion

Host recognition is highly specific in specialist insects, and specific components
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at specific concentrations from the entire volatile profile are required for acceptance to
occur (Bruce and Pickett 2011; Knaden et al. 2012; Schubert et al. 2014; Beyaert and
Hilker 2014; Mitra et al. 2017). For example, the upregulation of particular plant volatiles
following herbivory can make host plants less attractive to specialist herbivores (Turlings
et al. 2002). The precision of the olfactory system makes identifying repellent odors
difficult because an odor that repels one herbivore may not even be detected by another
(Benton 2006). Research in repellency would drastically improve with a more structured
approach toward identifying repellent compounds.

Plant phylogenetic distance appears to be a significant factor in reducing larval
density of swede midge on host plants. As far as we know, our study is the first to find
that odors from more distantly related species are more likely to repel swede midge. Plant
species produce different blends of volatile organic compounds that can clearly repel
herbivores, even specialists that specifically lock onto host plant volatiles (Jefferis and
Hummel 2006; Li et al. 2015) against a background of non-host odors in the environment
(Bruce and Pickett 2011). Our results support our hypotheses that non-host odors vary in
their ability to modify the behavior of a specialist and that less phylogenetically related
plants are more likely to influence host acceptance.

Because we collected data on larval abundance rather than egg abundance, it is difficult
for us to attribute the differences in larval abundance completely to the non-host odors.
Some of the variation observed between larval densities in no-choice tests could arguably
be due to larvicidal effects of essential oils (Bakkali et al. 2008; Autran et al. 2009) rather

than repellency. However, preliminary data indicated that essential oils are not larvicidal.
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It is unclear whether gravid females oviposited immediately on treated plants or waited
for the non-host odors to dissipate before contacting broccoli tissue. Furthermore, midges
in our caged replicates experienced higher concentrations of non-host odors than are
naturally released by plants (Auffarth 2013; Beyaert and Hilker 2014). However, despite
these high concentrations, oviposition still occurred. Also, we consistently found
significant differences in larval abundance on treated and untreated plants in choice tests,
suggesting that the odors were avoided by swede midge females.

Plant compounds are extremely diverse in chemical and physical properties
throughout the angiosperm phylogeny (noted by Cole et al. (2017)) and this diversity
drives community heterogeneity and ecological structure (Richards et al. 2015). Diverse
chemical groups , such as alkaloids, are known to make multiple appearances throughout
the plant phylogeny (Wink 2003). Essential oils from species within Lamiaceae have
been studied thoroughly for their effectiveness against agricultural pests (Ganjewala and
Luthra 2010; Kumari et al. 2014), because the family is known to have highly diverse
sets of volatile profiles, including terpenoids, phenolics, and flavonoids (Wink 2003;
Nerio et al. 2010). The fact that garlic and lemongrass, both monocots, were most likely
to repel swede midge, a specialist of a dicot, is interesting. Also, garlic volatiles contain
multiple sulfur groups along chains of hydrocarbons; and glucosinolates, the key
defensive compounds of brassicaceae, also contain sulfur. Conversely, eucalyptus odors
(Myrtaceae), containing cyclic hydrocarbons with occasional hydroxyl groups but no
sulfur, was least repellent in our trials.

Much remains unknown about the olfactory system of specialist insects and
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whether non-host odors are neurologically processed and avoided or degraded and
removed (Pickett et al. 2012). Although it is unclear how repellency occurs (Deletre et al.
2016), the outcome is the same — host acceptance is delayed or does not occur. While our
results suggest that essential oils vary in their influence on host acceptance, we did not
test whether the essential oils excited (Cunningham 2012) a behavioral response or
simply delayed recognition of host plants by gravid females (see Deletre et al. (2016) for
full descriptions of repellency). However, the fact that larval density was negatively
correlated with phylogenetic relatedness is promising for future work in repellency.
Altogether, our results strongly suggest that less related plants are more repellent to
swede midge.

Plant essential oils are effective products against target insects. It would be
useful to test the pattern we observed in swede midge against specialists of other plants
and, furthermore, generalists of multiple plants. For swede midge, essential oils such as
garlic or eucalyptus lemon appear promising because these odors consistently reduced
larval densities without phytotoxic effects (Fig. 1). With the development of a more
systematic way to test and compare how non-host odors influence insect behavior,
essential oils could provide an invaluable tool for pest management. In an era where
global consumption is quickly outpacing our capacity to produce food (Walker 1983;
FAO 2009, 2011), novel approaches to sustainably mitigate losses from herbivorous
insects are critical. As plant-derived substances, essential oils already exist in nature and
are suitable for pest management (Regnault-Roger 1997; Bakkali et al. 2008; Regnault-

Roger et al. 2012). Our work contributes toward deeper understanding of how specialist
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herbivores perceive unfamiliar odors in their environment, and whether the resultant

behavior can be exploited for sustainable pest management.

2.6. Figures
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Figure 3: Average larval densities of swede midge (Contarinia nasturtii) on Brassica oleraceae
plants treated with plant essential oils from species listed on the rotated x axis. The whiskers
represent 85% confidence intervals on the true mean of each treatment.
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essential oils. Whiskers represent the standard error.
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the amount of a particular compound captured at retention time x.
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2.7. Tables

Table 2 - Common names, species, family, and matK/rbcL phylogenetic distance for

essential oils used in no-choice and choice assays.

Plant Species Family matK/rbcL
Peppermint Mentha x piperita Lamiaceae 0.206175
Marjoram Origanum jaoranum Lamiaceae 0.207625
Wormwood Artemisia vulgaris Asteraceae 0.253150
Broccoli Brassica oleraceae Brassicaceae 0.000000
Wintergreen Gaultheria procumbens ~ Ericaceae 0.165425
Thyme Thymus vulgaris Lamiaceae 0.205400
Caraway Carum carvi Apiaceae 0.264175
Eucalyptus Eucalyptus globulus Myrtaceae 0.165800
Star Anise Lllicium verum Schisandraceae 0.252575
Oregano Origanum vulgare Lamiaceae 0.207025
Spearmint Mentha spicata Lamiaceae 0.207575
Eucalyptus Lemon  Corymbia citriodora Myrtaceae 0.165100
Lemongrass Cymbopogon flexuosus Poaceae 0.242799
Cinnamon Cinnamomum verum Lauraceae 0.186850
Garlic Allium sativum Amaryllidaceae 0.177900
Niaouli Melaleuca quinquenervia  Myrtaceae 0.159175
Cassia Cassia auriculata Fabaceae 0.156375
Rosemary Rosmarinus officinalis Lamiaceae 0.200325
Coriander Coriandrum sativum Apiaceae 0.265375
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Table 3 - Swede midge choice data. Lower and upper refers to the 95% confidence
intervals on the odds ratios from binomial logistic regressions on choice data for each treatment.
The P values represent the test statistic from Hotelling’ T? tests. Significant P values (P < 0.05)
indicate that proportions of larvae on treated versus untreated plants are significantly different.

Treated plants were, in general, less preferred by gravid females.

Plant Lower Upper Odds Ratio P
Peppermint 0.598 2.43x10° >107 <0.001
Marjoram 0.212 0.987 4 NS
Wormwood 0 1.37 NA NS
Wintergreen 0.212 1.37 6 NS
Thyme 3.37 2.43x10° >107 <0.001
Caraway NA NA NA NA
Eucalyptus 0.212 0.212 1 NS
Star Anise 0.987 2.68 5 <0.001
Oregano 0.598 2.68 9 <0.001
Spearmint 0.987 1.75 2 <0.001
Eucalyptus Lemon 0.987 2.43x10° >107 0.013
Lemongrass 1.37 1.75 1.5 <0.001
Cinnamon -1.37 -2.18 0.45 <0.001
Garlic 0.212 1.37 6 <0.001
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RMarkdown

output:
knitrBootstrap::bootstrap document:
theme: spacelab
highlight: sunburst
theme.chooser: TRUE
highlight.chooser: TRUE
bibliography: refs ms1.bib

##Phylogenetic relatedness of plant odors and ovipositional deterrence
Chase Stratton and Yolanda Chen [*1]

Built with 'r getRversion()’

[*1]: University of Vermont

" {r unwarns,echo=FALSE}
#convert fasta to nexus:
http://sequenceconversion.bugaco.com/converter/biology/sequences/fasta to nexus.ph

p
options(warn = -1)
#No-choice Tests

" {r setup, include=FALSE}
knitr::opts_chunk$set(echo = FALSE,tidy = T)

oviposition = read.csv("~/Desktop/SwedeMidge/manuscripts/20170327-ms-
chapterl/data/20181113-essential-oil-assays.csv")

choice = read.csv("~/Desktop/SwedeMidge/manuscripts/20170327-ms-
chapterl/data/20180314-eo-choice.csv")

big_choice = read.csv("~/Desktop/SwedeMidge/manuscripts/20170327-ms-
chapter1/data/201803 14-big-choice.csv")

eo_chromatographs = read.csv("~/Desktop/SwedeMidge/All GC Files/GC-

FID Preliminary Results/Integration Results/csv/chem csv/20160809-odor-
profiles.csv")
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kodachroma = read.csv("~/Desktop/SwedeMidge/All GC Files/GC-
FID Preliminary Results/Integration Results/phylo _dist/EO_gc branches 20160621.c
SVH)

chromatograph pca = read.csv("~/Desktop/SwedeMidge/All GC Files/GC-
FID Preliminary Results/Integration Results/csv/chem csv/20180612-odors-pca.csv'")

choice binomial = read.csv("~/Desktop/SwedeMidge/manuscripts/20170327-
ms-chapter1/data/20180710-choice-binomial-glm.csv")

attach(oviposition)

" {r packages,echo=F,message=F}
library(knitr)

library(kableExtra)

#library(car)

library(scatterplot3d)
library(sandwich)

library(msm)

library(MASS)

library(ggplot2)

library(ggfortify)

library(gridExtra)

#library(plotly)

#library(dplyr)
#options(knitr.table.format = "html")
#theme set(theme gray(base size = 16))

“{ruser_funs,echo=F,message=F}
family fun = function(x)

{

tmp = unique(as.factor(x))
return(tmp)

R Notebook containing summary figures and statistical analyses for Chapter 1
of Dissertation - Ecological Assays

#Research Questions:
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1. Do larval densities vary on plants treated with essential oils?
2. Does phylogenetic relatedness explain the variation we see?

Y {r figurel df,echo=F,message=F}
mean_treat = tapply(oviposition§Larvae,
oviposition$§ Treatment,
mean,
na.rm=T)

mean_matK rbcL = tapply(oviposition$Larvae,
oviposition$matK rbcL,
mean,
na.rm=T)

percent_change = ((mean_treat-mean_treat["Con"])/
mean_treat["Con"])*100

percent_change2 = ((mean_matK rbcL-mean matK rbcL["1e-06"])/
mean_matK rbcL["1e-06"])*100

branch_treat = tapply(oviposition$Branches,
oviposition$Treatment,
median,
na.rm=T)

matK treat = tapply(oviposition$Distance _matK,
oviposition$Treatment,
median,
na.rm=T)

rbcL_treat = tapply(oviposition§Distance rbcL,
oviposition$Treatment,
median,
na.rm=T)

matKrbcL treat = tapply(oviposition$matK rbcL,
oviposition$Treatment,
median,
na.rm=T)

matKrbcL se = percent change2/sqrt(20)

similar_treat = tapply(oviposition$Physico_sim,
oviposition$Treatment,
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median,
na.rm=T)

family names = tapply(oviposition§Family,
oviposition$Treatment,
family fun)

plant_names = tapply(oviposition$Essential.Oil,
oviposition$ Treatment,
family fun)

treat_tmp = unique(Treatment)

percent_change df = as.data.frame(
aggregate(
Larvae~Treatment+Family+Essential.Oil,
data = oviposition,
FUN = mean))
percent_change df = percent change dfforder(percent change df$Treatment),]
percent change dffpercent change = percent change
percent_change df$branches = branch_treat
percent change dff$matK = matK treat
percent_change df$rbcL = rbcL treat
percent change df$similar = similar_treat
percent_change df$matK rbcl = matKrbcL treat
percent_change df$matK rbcl se = matKrbcL se
#percent change df$std dev = sd(percent change)

" {r kable 1,echo=F,message=F}
colors_change tmp = ifelse(percent change dff,4]>=0,
"blue",
Hredﬂ)
colors change = c("red","red","red","blue",
HredH’Hredﬂ’Hredﬂ’ﬂred"’
HredH’Hredﬂ’Hredﬂ’ﬂred"’
HredH’Hredﬂ’Hredﬂ’ﬂred"’
HredH’HredH’Hblueﬂ’ﬂblueﬂ)

cool_table = knitr::kable(percent change df,
"html")
cool _table%>%
kable styling(bootstrap options = c("striped",
"hover",
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"responsive"),
full width =F)

Based on our observations of midge behavior, we hypothesized that:

1) Broccoli treated with essential oils from non-host plants will experience
different larval densities of swede midge compared to plants treated with water
[@Pichersky2006; @Ganjewala2010; @Regnault-Roger2012; @Kumari2014].

2) Phylogenetic relatedness of plant essential oils influences their affect on
swede midge larval densities [(@Beyaert2014; @Ronquist2012; @Baum2008].

We performed behavioral trials to test these hypotheses [for detailed methods
see @Stratton2018 when it is published (if ever)].

Ignore this --> [-@alblank2018]
And this --> [-@a2blank2018]

##Statistics - negative binomial regressions
Just showing that larval densities vary

“{rlarv_eo}
tmp0 = glm.nb(Larvae~Essential.Oil-1)
summary(tmp0)

{rmodel test}
tmp0 1 <- update(tmp0,

.~ . - Essential.Oil)
anova(tmp0,tmp0 1)

" {rbar_df}

larvae0 = by(Larvae,
Essential.Oil,
mean,na.rm=T)

sd0 = by(Larvae,
Essential.Oil,

sd,na.rm=T)

treat0 = unique(Essential.Oil)
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caraway _t = t.test(
Larvae[Essential. Oil=="Caraway"],
conf.level=0.85

)

cassia_t = t.test(
Larvae[Essential.Oil=="Cassia"],
conf.level=0.85

)

cinnamon_t = t.test(
Larvae[Essential.Oil=="Cinnamon Bark"],
conf.level=0.85

)

broccoli_t = t.test(
Larvae[Essential.Oil=="Control"],
conf.level=0.85

)

coriander t = t.test(
Larvae[Essential.Oil=="Coriander"],
conf.level=0.85

)

eucalyptus_t = t.test(
Larvae[Essential.Oil=="Eucalyptus"],
conf.level=0.85

)

eucalLemon_t = t.test(
Larvae[Essential.Oil=="Eucalyptus Lemon"],
conf.level=0.85

)

garlic_t = t.test(
Larvae[Essential.Oil=="Garlic"],
conf.level=0.85

)

lemongrass_t = t.test(
Larvae[Essential.Oil=="Lemongrass"],
conf.level=0.85
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marjoram_t = t.test(
Larvae[Essential.Oil=="Marjoram Sweet"],
conf.level=0.85

)

niaouli_t = t.test(
Larvae[Essential.Oil=="Niaouli"],
conf.level=0.85

)

oregano_t = t.test(
Larvae[Essential.Oil=="Oregano"],
conf.level=0.85

)

peppermint t = t.test(
Larvae[Essential.Oil=="Peppermint"],
conf.level=0.85

)

rosemary t = t.test(
Larvae[Essential.Oil=="Rosemary"],
conf.level=0.85

)

spearmint_t = t.test(
Larvae[Essential. Oil=="Spearmint"],
conf.level=0.85

)

starAnise t = t.test(
Larvae[Essential.Oil=="Star Anise"],
conf.level=0.85

)

thyme t = t.test(
Larvae[Essential.Oil=="Thyme"],
conf.level=0.85

)

wintergreen_t = t.test(
Larvae[Essential. Oil=="Wintergreen"],
conf.level=0.85
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wormwood _t = t.test(
Larvae[Essential.Oil=="Wormwood"],
conf.level=0.85

)

larv_conf = ¢(caraway _t$conf.int[2],cassia_t$conf.int[2],
cinnamon_t$conf.int[2],broccoli_t$conf.int[2],
coriander_t$conf.int[2],eucalyptus t$conf.int[2],
eucaLemon_t$conf.int[2],garlic_t$conf.int[2],
lemongrass_t$conf.int[2],marjoram_t$conf.int[2],
niaouli_t$conf.int[2],oregano_t$conf.int[2],
peppermint_t$conf.int[2],rosemary_t$conf.int[2],
spearmint_t$conf.int[2],starAnise t$conf.int[2],
thyme t$Sconf.int[2],wintergreen t$conf.int[2],
wormwood _t$conf.int[2])
plant2 = ¢("Caraway","Cassia","Cinnamon",
"Broccoli(UTC)","Coriander","Eucalyptus",
"Eucalyptus Lemon","Garlic",
"Lemongrass","Marjoram","Niaouli","Oregano",
"Peppermint”,"Rosemary","Spearmint",
"Star Anise","Thyme","Wintergreen",
"Wormwood")
bar_df = data.frame(Plant=c("Caraway","Cassia","Cinnamon",
"Broccoli(UTC)","Coriander","Eucalyptus",
"Eucalyptus Lemon","Garlic",
"Lemongrass","Marjoram","Niaouli","Oregano",
"Peppermint”,"Rosemary","Spearmint",
"Star Anise","Thyme","Wintergreen",
"Wormwood"),
Infestation=c(14.4,8.25,1.55,
45.6,30.500,25.200,
4.437,1.500,
0.550,12.800,21.700,0.200,
13.250,33.400,3.300,
0.750,3.75,13,14.9),
infest ci=larv_conf)

##Barplot - no-choice tests

" {r barplot}
p<-ggplot(bar_df,
aes(x=Plant,
y=Infestation,
fill = Plant)) +
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theme(panel.grid.major = element_blank(),
panel.grid.minor = element blank(),
panel.background = element blank())+
scale y continuous(name="Average Larval Density",
limits = ¢(0,55),
breaks = ¢(0,10,
20,30,
40,50,
60),
expand = ¢(0,0))+
scale x_discrete(name="Treatment") +
geom_bar(stat="identity")+
theme(text = element_text(size = 20,
color = "black")) +
geom_errorbar(aes(ymin=Infestation,
ymax=larv_conf),
width=.2,
position=position_dodge(.9)) +
scale fill grey()+
guides(fill=F)+
# annotate("text",

# x =c¢(2,4,5,

# 9,11,12,

# 13,15,16,17),
# y =¢(25.5,5,42,
# 2.7,32,2,

# 26,7.5,3,7),
# angle=0,

# label = "pt") +

coord_flip()

###Testing Our Phylogenetic Measurements
1. Using branches to common ancestor for phylogenetic relatedness
[@Cole2017; @Vellend2010; @Wink2003]

Statistical methods adapted from @Martin2018.
" {r branches,echo=FALSE,message=FALSE}

tmpl = glm.nb(Larvae~Branches-1)
summary(tmp1)

Testing model assumptions
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“*{r branches_test,echo=FALSE,message=FALSE}
tmpl 1 <- update(tmpl,

. ~ . - Branches)
anova(tmpl,tmpl 1)

Using Im() to get the multiple SR*{2}$

“{rbranch r2}
branch _model = Im(Larvae~Branches-1)
summary(branch model)

2. Using MrBayes with matK gene for phylogenetic relatedness

" {r matK,echo=FALSE,message=FALSE}
tmp2 = glm.nb(Larvae~Distance matK-1)
summary(tmp2)

Testing model assumptions

" {rmatK testl,echo=FALSE,message=FALSE}
tmp2 1 = update(tmp2,

. ~. - Distance_matK)
anova(tmp2,tmp2 1)

Using Im() to get the multiple SR*{2}$

{rmatK r2}
matK model = Im(Larvae~factor(Distance matK[order(Distance matK)])-1)
summary(matK model)

3. Using MrBayes with rbcL gene for phylogenetic relatedness

" {r rbcL,echo=FALSE,message=FALSE}
tmp3 = glm.nb(Larvae~Distance rbcL-1,

na.action = na.omit)
summary(tmp3)

Testing model assumptions
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Y {rrbcL testl,echo=FALSE,message=FALSE}
tmp3 1 <- update(tmp3,

.~ . - Distance _rbcL)
anova(tmp3,tmp3 1)

Using Im() to get the SR*{2}$

Y {rrbcL 12}

rbcL_model = Im(Larvae~factor(Distance rbcL[
order(Distance rbcL)])-1)

summary(rbcL _model)

4. Using MrBayes with matK/rbcL genes for phylogenetic relatedness

{r matK rbcL,echo=FALSE,message=FALSE}
tmp4 = glm.nb(Larvae~matK rbcL-1,

na.action = na.omit)
summary(tmp4)

Testing model assumptions

" {rmatK rbcL testl,echo=FALSE,message=FALSE}
tmp4 1 <- update(tmp4,

.~.-matK rbcL)
anova(tmp4,tmp4 1)

Using Im() to get the SR*{2}$

" {rmatK rbcL r2}

matKrbcL. model = Im(Larvae~factor(matK rbcL[
order(matK rbcL)])-1)

summary(matKrbcL model)

5. Using physicochemical similarity

" {r similar,echo=FALSE,message=FALSE}
tmp5 = glm.nb(Larvae~Physico sim-1,

na.action = na.omit)
summary(tmp5)
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Testing model assumptions

" {r similar_testl,echo=FALSE,message=FALSE}
tmp5 1 <- update(tmp5,

.~ . - Physico_sim)
anova(tmp5,tmp5 1)

Using Im() to get the SR*{2}$

Y {r similar 12}

sim_model = Im(Larvae~factor(Physico sim[
order(Physico_sim)])-1)

summary(sim_model)

6. An additional test for degrees of freedom

U {rmatK test2,echo=FALSE,message=FALSE}
tmp6 = glm.nb(Larvae~

Distance matK+

Distance rbcL+

matK rbcL+

Physico_sim-1)
summary(tmp6)

Y {rrbcL test2,echo=FALSE,message=FALSE}
tmp7 = glm.nb(Larvae~

Distance rbcL+

Distance matK+

matK rbcL+

Physico_sim-1)
summary(tmp7)

6.a) Degrees of freedom matK
Y {r df matK,echo=FALSE,message=FALSE}
tmp6_2 <- update(tmpb,

.~ . - Distance_matK)
anova(tmp6,tmp6 2)
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6.b) Degrees of freedom rbcL

" {r df rbcL,echo=FALSE,message=FALSE}
tmp6_2 <- update(tmpb,

.~ . - Distance _rbcL)
anova(tmp6,tmp6 2)

6.c) Degrees of freedom similarity

Y {r df matK rbcL,echo=FALSE,message=FALSE}
tmp6_2 <- update(tmpb,

.~.-matK rbcL)
anova(tmp6,tmp6 2)

6.d) Degrees of freedom similarity

" {r df similar,echo=FALSE,message=FALSE}
# tmp6_2 <- update(tmpb,

# .~ .- Physico_sim)

# anova(tmp6,tmp6_2)

All of the phylogenetic measures are significantly associated with the impact of
EOs on oviposition, but the R$"2$'s aren't perfect. To get a better understanding of how
EOs are influencing the midges, and how the relatedness of plants, or more specifically,
plant compounds, influences their impact on the midge, additional work is needed.

###Miscellaneous models testing the various measures of phylogeny

" {r stat_misc,echo=FALSE,message=FALSE}
matK branch = Im(Branches~Distance matK)
rbcL_branch = Im(Branches~Distance rbcL)
matK rbcL._branch = Im(Branches~matK rbcL)
matK rbcL = Im(Distance rbcL~Distance matK)

summary(matK_branch)
summary(rbcL_branch)
summary(matK rbcL._branch)
summary(matK rbcL)

7. Histograms showing larval counts across the different plant family treatments
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S
larv_by family,fig.width=10,fig.height=15,echo=FALSE,message=FALSE}
ggplot(oviposition,
aes(Larvae,
fill = Family)) +
geom_histogram(binwidth = 1) +
facet grid(Family ~ .,
margins = TRUE,
scales = "free")

S
larv_by matK,fig.width=10,fig.height=15,echo=FALSE,message=FALSE}
ggplot(oviposition,
aes(Larvae,
fill = Family)) +
geom_histogram(binwidth = 1) +
facet grid(factor(Distance matK) ~ .,
margins = TRUE,
scales = "free")

“{rlarv_by rbcL,fig.width=10,fig.height=15,echo=FALSE,message=FALSE}
ggplot(oviposition,
aes(Larvae,
fill = Family)) +
geom_histogram(binwidth = 1) +
facet grid(factor(Distance rbcL) ~ .,
margins = TRUE,
scales = "free")

“{rlarv_by sim,fig.width=10,fig.height=15,echo=FALSE,message=FALSE}
ggplot(oviposition,
aes(Larvae,
fill = Family)) +
geom_histogram(binwidth = 1) +
facet grid(factor(Physico sim) ~ .,
margins = TRUE,
scales = "free")

##Figures for manuscript
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" {r dataset_change,include=FALSE}
detach(oviposition)
attach(percent change df)

" {r change calc}

larval change = (oviposition$Larvae-
mean(oviposition$Larvae[oviposition$ Treatment=="Con"]))/mean(oviposition$ Larvae[
oviposition$ Treatment=="Con"])

oviposition$larval change = larval change

Y {r figure2 df}

change sd = (26-oviposition$Larvae)/26

oviposit_2 = oviposition

oviposit 2$change = change sd

std_dev_change = tapply(oviposit 2$change,
oviposit 2$Treatment,sd,
na.rm=T)

percent_change df$change sd =std dev change

larvae sd = tapply(oviposition$Larvae,
oviposition$ Treatment,
sd,na.rm =T)

percent_change df$larvae sd = larvae sd

“*{r chisq_setup}
# Creating variables that will be used in the Chisq tests for choice data
pepp_change = percent_change df$percent change[
percent change df$Treatment=="A"
1/-100

marj change = percent_change df$percent change[
percent change df$Treatment=="B"
1/-100

worm_change = percent_change df$percent change[
percent change df$Treatment=="C"
1/-100
wint_change = percent_change df$percent change[
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percent change df$Treatment=="D"
1/-100

thym_change = percent change df$percent change[
percent change df$Treatment=="E"
1/-100

cara_change = percent_change df$percent change[
percent change df$Treatment=="F"
1/-100

euca_change = percent_change df$percent change[
percent change df$Treatment=="G"
1/-100

anis_change = percent_change df$percent change[
percent change df$Treatment=="H"
1/-100

oreg change = percent_change df$percent change[
percent change df$Treatment=="1"
1/-100

spmt_change = percent_change df$percent change[
percent change df$Treatment=="J"
1/-100

eule change = percent change df$percent change[
percent change df$Treatment=="K"
1/-100

Imgr change = percent change df$percent change|
percent change df$Treatment=="L"
1/-100

cinna_change = percent_change df$percent change[
percent change df$Treatment=="M"
1/-100

garl change = percent _change df$percent change[
percent change df$Treatment=="N"
1/-100

control_ave = percent_change df$Larvae[
percent change df$Treatment=="Con"
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##Percent Change Figures

Y {r figure2 a}

#Treatment[order(branches)]

# quantile(percent _change,0.8)

branch max = percent change[order(branches)]+
change sd[order(branches)]

branch min = percent change[order(branches)]-
change sd[order(branches)]

branch plot <- ggplot(percent change df,
aes(x=Essential.Oil[order(branches)],
y=percent_change[
order(branches)],
colour=factor(Family[
order(branches)])))

branch plot +
geom_point(shape=19,
size=4) +
guides(fill=FALSE) +
theme(axis.ticks = element_blank(),
panel.grid.major = element_blank(),
panel.grid.minor = element blank(),
panel.background = element blank())+
scale_x_discrete(name="Treatment (Ordered by Branches)",
limits=Essential.Oil[order(branches)]) +
scale y continuous(name="Percent Change from Control",
limits = ¢(-100,100),
breaks = ¢(-100,-50,
0,50,100),
expand = c¢(0.2,0.5))+
theme(text = element_text(size = 20)) +
geom_errorbar(ymin = branch min-10,
ymax = branch_max+10,
color = "Black",
width=0)+
geom_hline(yintercept=0,
linetype="dotted") +
labs(colour = "Plant Family") +
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theme(legend.key = element rect(fill=NA,
colour=NA,
size=0.25)) +
coord_flip()

Y {r figure2 b}

matK max = percent change[order(matK)]+change sd[order(matK)]
matK min = percent_change[order(matK)]-change sd[order(matK)]

matK plot <- ggplot(percent change df,

aes(x=Essential.Oil[order(matK)],
y=percent_change[
order(matK)],
colour = factor(Family[order(matK)])))

matK plot +

geom_point(shape=19,
size=4) +
guides(fill=FALSE) +
theme(axis.ticks = element_blank(),
panel.grid.major = element_blank(),
panel.grid.minor = element blank(),
panel.background = element blank())+
scale x_discrete(name="Treatment (Ordered by matK Phylogeny)",
limits=Essential.Oil[order(matK)])+
scale y continuous(name="Percent Change from Control",
limits = ¢(-100,100),
breaks = ¢(-100,-50,0,50,100),
expand = ¢(0.2,0.5))+
theme(text = element_text(size = 20)) +
geom_errorbar(ymin = matK_min-10,
ymax = matK max+10,
color = "Black",
width=0)+
geom_hline(yintercept=0,
linetype="dotted") +
labs(colour = "Plant Family") +
theme(legend.key = element rect(fill = NA,
colour = NA,
size = 0.25)) +
coord_flip()
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r figure2 c}

rbcL_max = percent_change[order(rbcL)]+
change sd[order(rbcL)]

rbcL_min = percent _change[order(rbcL)]+
change sd[order(rbcL)]

rbcL_plot <- ggplot(percent change df,
aes(x=Essential.Oil[order(rbcL)],
y=percent_change[order(rbcL)],
colour = factor(Family[order(rbcL)])))

rbcL_plot +
geom_point(shape=19,
size=4) +
guides(fill=FALSE) +
theme(axis.ticks = element_blank(),
panel.grid.major = element_blank(),
panel.grid.minor = element blank(),
panel.background = element blank())+
scale x_discrete(name="Treatment (Ordered by rbcL Phylogeny)",
limits=Essential.Oil[order(rbcL)],
expand = c¢(0,1))+
scale y continuous(name="Percent Change from Control",
limits = ¢(-100,100),
breaks = ¢(-100,-50,
0,50,100),
expand = c¢(0.2,0.5))+
theme(text = element_text(size = 20)) +
geom_errorbar(ymin = rbcL_min-10,
ymax = rbcL._max+10,
color = "Black",
width=0)+
geom_hline(yintercept=0,
linetype="dotted") +
labs(colour = "Plant Family") +
theme(legend.key = element rect(fill = NA,
colour = NA,
size = 0.25)) +
coord_flip()

Y {r figure2 d}

similar max = percent_change[order(similar)]+
change sd[order(similar)]

similar_min = percent _change[order(similar)]+
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change sd[order(similar)]

similar_plot <- ggplot(percent change df,

aes(x=Essential.Oil[order(similar)],
y=percent_change[order(similar)],
colour = factor(Family[order(similar)])))

similar_plot +

similarity)",

geom_point(shape=19,
size=4) +

guides(fill=FALSE) +
theme(axis.ticks = element_blank(),

panel.grid.major = element_blank(),

panel.grid.minor = element_blank(),

panel.background = element blank())+
scale x_discrete(name="Treatment (Ordered by physicochemical

limits=Essential.Oil[order(similar)],
expand = c¢(0,1))+
scale y continuous(name="Percent Change from Control",
limits = ¢(-100,100),
breaks = ¢(-100,-50,
0,50,100),
expand = c¢(0.2,0.5))+
theme(text = element_text(size = 20)) +
geom_errorbar(ymin = similar min-10,
ymax = similar_max+10,
color = "Black",
width=0)+
geom_hline(yintercept=0,
linetype="dotted") +
labs(colour = "Plant Family") +
theme(legend.key = element rect(fill = NA,
colour = NA,
size = 0.25)) +
coord_flip()

Y {r figure2_e,fig.height=8,fig.width=10}
# matKrbcL. max = percent change[reorder(matK rbcL)]+

#

change sd[reorder(matK rbcL)]

# matKrbcL min = percent_change[reorder(matK rbcL)]+

#

change sd[reorder(matK rbcL)]

similar_plot <- ggplot(percent change df,
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aes(x=similar,
y=percent_change,
colour = factor(Family)))

similar_plot +

(Broccoli)",

geom_point(shape=19,
size=0) +

guides(fill=FALSE) +
theme(axis.ticks = element_blank(),

panel.grid.major = element_blank(),

panel.grid.minor = element blank(),

panel.background = element blank())+
scale x continuous(name="Physicochemical Similarity",

limits = ¢(0,1))+

scale y continuous(name="Percent Change from Ovipositional Control

limits = ¢(-100,50),
breaks = ¢(-100,-75,-50,-25,
0,25,50),
expand = c¢(0.2,0.5))+
# geom_errorbar(aes(x = matK rbcL,
# ymin = percent_change-matK rbcL se,
# ymax = percent_change+matK rbcL_se))+
theme(text = element_text(size = 20)) +
geom_hline(yintercept=0,
linetype="dotted") +
labs(colour = "Plant Family") +
# geom_smooth(method="lm',

# formula = percent change~matK rbcL)+
theme(legend.key = element rect(fill = NA,
colour = NA,
size = 0.25))

Y {r figure2 ffig.height=6,fig.width=12}
# matKrbcL. max = percent change[reorder(matK rbcL)]+

#

change sd[reorder(matK rbcL)]

# matKrbcL. min = percent_change[reorder(matK rbcL)]+

#

change sd[reorder(matK rbcL)]

matKrbcL plot <- ggplot(percent change df,

aes(x=matK rbcL,
y=percent_change,
colour = factor(Family)))
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matKrbcL plot +
geom_point(shape=19,
size=0) +
guides(fill=FALSE) +
theme(axis.ticks = element_blank(),
panel.grid.major = element_blank(),
panel.grid.minor = element_blank(),
panel.background = element blank())+
scale x_continuous(name="Phylogenetic Distance (matK/rbcL)",
limits = ¢(0,0.28),
breaks = ¢(0,0.0500,0.100,
0.150,0.200,
0.250))+
scale y continuous(name="Percent Change from Control (Broccoli)",
limits = ¢(-100,50),
breaks = ¢(-100,-75,
-50,-25,
0,25,50),
expand = ¢(0.2,0.5))+
geom_errorbar(aes(x = matK_rbcL,
ymin = percent_change-matK rbcL se,
ymax = percent_change+matK rbcL se))+
theme(text = element_text(size = 20)) +
geom_hline(yintercept=0,
linetype="dotted") +
labs(colour = "Plant Family") +
# geom_smooth(method="lm',

# formula = percent change~matK rbcL)+
theme(legend.key = element rect(fill = NA,
colour = NA,
size = 0.25))
#Choice Tests

“*{r choice_setup}
detach(percent change df)
attach(choice)

These statistics are not reported.

" {r choice lm}
choice_modell = Im(Larvae~Branches)
choice_model2 = Im(Larvae~matK)
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choice_model3 = Im(Larvae~rbcL)

summary(choice modell)
summary(choice model2)
summary(choice model3)

##Chisquare Setup
Here, I use percent change from control (from no-choice tests) to set the
expected frequencies for chisq tests. I also have t-tests.

“*{r choice_chisq}
peppermint _choice = Larvae[which(c(Treatment=—"A" &
Oil=="Peppermint"))]
pepp_con_choice = Larvae[which(c(Treatment=="Con" &
Oil=="Peppermint"))]
pepp_choice t = t.test(pepp _con_choice,
peppermint_choice,
conf.level = 0.3)

marjoram_choice = NA
marj_con_choice = NA
marj choice t=NA

wormwood_choice = Larvae[which(c(Treatment=—="C" &
Oil=="Wormwood"))]
worm_con_choice = Larvae[which(c(Treatment=="Con" &
Oil=="Wormwood"))]
worm_choice t = t.test(worm_con_choice,
wormwood_choice)

wintergreen_choice = Larvae[which(c(Treatment=—"D" &
Oil=="Wintergreen"))]
wint_con_choice = Larvae[which(c(Treatment=="Con" &
Oil=="Wintergreen"))]
wint_choice t = t.test(wint_con_choice,
wintergreen_choice)

thyme choice = Larvae[which(c(Treatment=="E" &
Oil=="Thyme"))]
thym_con_choice = Larvae[which(c(Treatment=="Con" &
Oil=="Thyme"))]
thym_choice t = t.test(thym con_choice,
thyme choice)
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caraway_choice = Larvae[which(c(Treatment=="F" &
Oil=="Caraway"))]
cara_con_choice = Larvae[which(c(Treatment=="Con" &
Oil=="Caraway"))]
cara_choice t = t.test(cara _con choice,
caraway_choice)

eucalyptus_choice = Larvae[which(c(Treatment=="G" &
Oil=="Eucalyptus"))]
euca_con_choice = Larvae[which(c(Treatment=="Con" &
Oil=="Eucalyptus"))]
euca_choice t = t.test(euca con_choice,
eucalyptus_choice)

anise_choice = Larvae[which(c(Treatment=="H" &
Oil=="Anise Star"))]
anis_con_choice = Larvae[which(c(Treatment=="Con" &
Oil=="Anise Star"))]
anis_choice t = t.test(anis_con_choice,
anise choice)

oregano_choice = Larvae[which(c(Treatment=="1" &
Oil=="0Oregano"))]
oreg_con_choice = Larvae[which(c(Treatment=="Con" &
Oil=="0Oregano"))]
oreg_choice t = t.test(oreg con choice,
oregano_choice)

spearmint_choice = Larvae[which(c(Treatment=="J" &
Oil=="Spearmint"))]
spmt_con_choice = Larvae[which(c(Treatment=="Con" &
Oil=="Spearmint"))]
spmt_choice t = t.test(spmt_con_choice,
spearmint_choice)

eucalemon_choice = Larvae[which(c(Treatment=="K" &
Oil=="EucalLem"))]
eule_con choice = Larvae[which(c(Treatment=="Con" &
Oil=="EucalLem"))]
eule choice t=t.test(eule con choice,
eucalemon_choice)

lemongrass_choice = Larvae[which(c(Treatment=="L" &
Oil=="Lemongrass"))]
legr con_choice = Larvae[which(c(Treatment=="Con" &
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Oil=="Lemongrass"))]
legr choice t=t.test(legr con choice,
lemongrass_choice)

cinnamon_choice = Larvae[which(c(Treatment=="M" &
Oil=="CinnaBark"))]
cinn_con_choice = Larvae[which(c(Treatment=="Con" &
Oil=="CinnaBark"))]
cinn_choice t = t.test(cinn_con_choice,
cinnamon_choice)

garlic_choice = Larvae[which(c(Treatment=="N" &
Oil=="Garlic"))]
garl con_choice = Larvae[which(c(Treatment=="Con" &
Oil=="Garlic"))]
garl choice t=t.test(garl con choice,
garlic_choice)

***{r choice_bonus}

#None of this is printed in the output doc. It is here as bonus material for brave
souls who are actually reading this. I'm still trying to figure out what to do with these
frequency tables, beyond stats. Suggestions = appreciated. Science or bust.

pepp_expect = matrix(c(pepp_change, 1-pepp_change,
1-pepp_change, pepp_change),
byrow = TRUE, 2, 2)
pepp_total = sum(c(peppermint_choice,pepp _con_choice))

pepp_observed = matrix(c(sum(pepp_con_choice)/pepp_total,
sum(peppermint_choice)/pepp_total,
I-sum(pepp_con_choice)/pepp_total,
I-sum(peppermint_choice)/pepp_total),
byrow = TRUE, 2, 2)

colnames(pepp_expect) = c("Control","Treated")
rownames(pepp_expect) = c("Yes","No")
colnames(pepp_observed) = c("Control","Treated")
rownames(pepp_observed) = ¢("Yes","No")

marj_expect = matrix(c(marj_change, 1-marj change,
I-marj_change, marj change),
byrow = TRUE, 2, 2)
marj_total = sum(c(marjoram_choice,marj con_choice))
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marj_observed = matrix(c(sum(marj_con_choice)/marj total,
sum(marjoram_choice)/mar;j_total,
I-sum(marj con_choice)/marj_total,
I-sum(marjoram_choice)/marj_total),
byrow = TRUE, 2, 2)

colnames(marj_expect) = c("Control","Treated")
rownames(marj_expect) = c("Yes","No")
colnames(marj observed) = ¢("Control","Treated")
rownames(marj observed) = ¢("Yes","No")

worm_expect = matrix(c(worm_change, 1-worm_change,
I-worm_change, worm_change),
byrow = TRUE, 2, 2)
worm_total = sum(c(wormwood choice,worm con_choice))

worm_observed = matrix(c(sum(worm_con_choice)/worm_total,
sum(wormwood_choice)/worm_ total,
I-sum(worm_con_choice)/worm_ total,
I-sum(wormwood choice)/worm_total),
byrow = TRUE, 2, 2)

colnames(worm_expect) = ¢("Control","Treated")
rownames(worm_expect) = c("Yes","No")
colnames(worm_observed) = c("Control","Treated")
rownames(worm_observed) = c("Yes","No")

wint_expect = matrix(c(wint_change, 1-wint_change,
I-wint_change, wint_change),
byrow = TRUE, 2, 2)
wint_total = sum(c(wintergreen choice,wint con_choice))

wint_observed = matrix(c(sum(wint_con_choice)/wint_total,
sum(wintergreen_choice)/wint_total,
I-sum(wint_con_choice)/wint_total,
I-sum(wintergreen_choice)/
wint_total),
byrow = TRUE, 2, 2)

colnames(wint_expect) = ¢("Control","Treated")
rownames(wint_expect) = ¢("Yes","No")
colnames(wint_observed) = c¢("Control","Treated")
rownames(wint_observed) = ¢("Yes","No")

thym_expect = matrix(c(thym_change, 1-thym_change,
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I-thym_change, thym change),
byrow = TRUE, 2, 2)
thym_total = sum(c(thyme choice,thym con choice))

thym_observed = matrix(c(sum(thym con_choice)/thym total,
sum(thyme choice)/thym_total,
I-sum(thym con_choice)/thym total,
I-sum(thyme choice)/
thym_total),
byrow = TRUE, 2, 2)

colnames(thym_expect) = ¢("Control","Treated")
rownames(thym_expect) = c¢("Yes","No")
colnames(thym_observed) = c¢("Control","Treated")
rownames(thym_observed) = c¢("Yes","No")

cara_expect = matrix(c(cara_change, 1-cara_change,
I-cara change, cara change),
byrow = TRUE, 2, 2)
cara_total = sum(c(caraway_choice,cara_con_choice))

cara_observed = matrix(c(sum(cara_con_choice)/cara_total,
sum(caraway_choice)/cara_total,
I-sum(cara_con_choice)/cara_total,
I-sum(caraway_choice)/
cara_total),
byrow = TRUE, 2, 2)

colnames(cara_expect) = c("Control","Treated")
rownames(cara_expect) = c¢("Yes","No")
colnames(cara_observed) = ¢("Control","Treated")
rownames(cara_observed) = ¢("Yes","No")

euca_expect = matrix(c(euca_change, 1-euca_change,
I-euca change, euca change),
byrow = TRUE, 2, 2)
euca_total = sum(c(eucalyptus_choice,euca _con_choice))

euca_observed = matrix(c(sum(euca_con_choice)/euca_total,
sum(eucalyptus_choice)/euca_total,
I-sum(euca con_choice)/euca_total,
I-sum(eucalyptus_choice)/
euca_total),
byrow = TRUE, 2, 2)
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colnames(euca_expect) = c("Control","Treated")
rownames(euca_expect) = c("Yes","No")
colnames(euca_observed) = ¢("Control","Treated")
rownames(euca_observed) = c("Yes","No")

anis_expect = matrix(c(anis_change, 1-anis_change,
l-anis_change, anis_change),
byrow = TRUE, 2, 2)
anis_total = sum(c(anise_choice,anis_con_choice))

anis_observed = matrix(c(sum(anis_con_choice)/anis_total,
sum(anise_choice)/anis_total,
I-sum(anis_con_choice)/anis_total,
I-sum(anise choice)/
anis_total),
byrow = TRUE, 2, 2)

colnames(anis_expect) = c("Control","Treated")
rownames(anis_expect) = ¢("Yes","No")
colnames(anis_observed) = c("Control","Treated")
rownames(anis_observed) = c("Yes","No")

oreg_expect = matrix(c(oreg_change, 1-oreg change,
l-oreg_change, oreg change),
byrow = TRUE, 2, 2)
oreg_total = sum(c(oregano_choice,oreg con choice))

oreg_observed = matrix(c(sum(oreg_con_choice)/oreg_total,
sum(oregano_choice)/oreg_total,
I-sum(oreg_con_choice)/oreg_total,
I-sum(oregano_choice)/
oreg_total),
byrow = TRUE, 2, 2)

colnames(oreg_expect) = ¢("Control","Treated")
rownames(oreg_expect) = c("Yes","No")
colnames(oreg_observed) = c¢("Control","Treated")
rownames(oreg_observed) = c¢("Yes","No")

spmt_expect = matrix(c(spmt_change, 1-spmt_change,
I-spmt change, spmt change),
byrow = TRUE, 2, 2)
spmt_total = sum(c(spearmint_choice,spmt_con_choice))

spmt_observed = matrix(c(sum(spmt_con_choice)/spmt_total,
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sum(spearmint_choice)/spmt_total,
I-sum(spmt_con_choice)/spmt_total,
I-sum(spearmint_choice)/
spmt_total),
byrow = TRUE, 2, 2)

colnames(spmt_expect) = c("Control","Treated")
rownames(spmt_expect) = c("Yes","No")
colnames(spmt_observed) = ¢("Control","Treated")
rownames(spmt_observed) = ¢("Yes","No")

eule expect = matrix(c(eule change, 1-eule change,
I-eule change, eule change),
byrow = TRUE, 2, 2)
eule total = sum(c(eucalemon_choice,eule con choice))

eule observed = matrix(c(sum(eule con_choice)/eule_total,
sum(eucalemon_choice)/eule total,
I-sum(eule con_choice)/eule total,
I-sum(eucalemon_choice)/
eule total),
byrow = TRUE, 2, 2)

colnames(eule _expect) = c("Control","Treated")
rownames(eule expect) = c¢("Yes","No")
colnames(eule observed) = ¢("Control","Treated")
rownames(eule observed) = ¢("Yes","No")

Imgr expect = matrix(c(lmgr change, 1-lmgr change,
I-lmgr change, Imgr change),
byrow = TRUE, 2, 2)
Imgr total = sum(c(lemongrass_choice,legr con_choice))

Imgr observed = matrix(c(sum(legr_con_choice)/Imgr total,
sum(lemongrass_choice)/lmgr_total,
I-sum(legr_con_choice)/Imgr_total,
I-sum(lemongrass_choice)/

Imgr_total),
byrow = TRUE, 2, 2)

colnames(Imgr_expect) = c("Control","Treated")
rownames(Imgr expect) = c("Yes","No")
colnames(Imgr observed) = c("Control","Treated")
rownames(lmgr observed) = c("Yes","No")
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cinn_expect = matrix(c(cinna_change, 1-cinna change,
I-cinna_change, cinna_change),
byrow = TRUE, 2, 2)
cinn_total = sum(c(cinnamon_choice,cinn_con_choice))

cinn_observed = matrix(c(sum(cinn_con_choice)/cinn_total,
sum(cinnamon_choice)/cinn_total,
I-sum(cinn_con_choice)/cinn_total,
I-sum(cinnamon_choice)/
cinn_total),
byrow = TRUE, 2, 2)

colnames(cinn_expect) = c("Control","Treated")
rownames(cinn_expect) = c("Yes","No")
colnames(cinn_observed) = c("Control","Treated")
rownames(cinn_observed) = c("Yes","No")

garl expect = matrix(c(garl change, 1-garl change,
1-garl change, garl change),
byrow = TRUE, 2, 2)
garl total = sum(c(garlic_choice,garl con choice))

garl observed = matrix(c(sum(garl con_choice)/garl_total,
sum(garlic_choice)/garl total,
I-sum(garl con choice)/garl total,
I-sum(garlic_choice)/

garl total),
byrow = TRUE, 2, 2)

garl obs2 = matrix(c(sum(garl con_choice),
sum(garlic_choice),
garl total-sum(garl con_choice),
garl total-sum(garlic_choice)),

byrow = TRUE, 2, 2)

colnames(garl_expect) = c("Control","Treated")
rownames(garl_expect) = c("Yes","No")
colnames(garl_observed) = c("Control","Treated")
rownames(garl observed) = ¢("Yes","No")
colnames(garl_obs2) = c("Control","Treated")
rownames(garl _obs2) =c("Yes","No")

##Choice Odds and Larval Ends
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Using the percent change as odds ratio for fisher's exact test - do larval
distributions on treated plants in choice tests match expected frequencies from no-
choice tests? Hypothesized odds ratio is %$\Delta"2$ because there are two plants of
each treatment influencing their behavior.

" {r choice_exact}
pepp_obs2 = matrix(c(pepp_total-sum(pepp _con_choice),
pepp_total-sum(peppermint_choice),
sum(pepp_con_choice),
sum(peppermint_choice)),
byrow = TRUE, 2, 2)

pepp_fish = fisher.test(pepp _obs2,
or=1-pepp_change)

marj_obs2 = NA
marj_ fish = NA

worm_obs2 = matrix(c(worm_total-sum(worm_con_choice),
worm_total-sum(wormwood_choice),
sum(worm_con_choice),
sum(wormwood _choice)),
byrow = TRUE, 2, 2)

worm_ fish = fisher.test(worm_obs2,
or=1-worm_change)

wint_obs2 = matrix(c(wint_total-sum(wint_con_choice),
wint_total-sum(wintergreen_choice),
sum(wint_con_choice),
sum(wintergreen_choice)),
byrow = TRUE, 2, 2)

wint_fish = fisher.test(wint_obs2,or=1-wint_change)

thym obs2 = matrix(c(thym_total-sum(thym_ con_choice),
thym_total-sum(thyme choice),
sum(thym con_choice),
sum(thyme choice)),
byrow = TRUE, 2, 2)

thym_fish = fisher.test(thym obs2,or=1-thym_ change”2)

cara_obs2 = matrix(c(cara_total-sum(cara_con_choice),
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cara_total-sum(caraway_choice),
sum(cara_con_choice),
sum(caraway_choice)),

byrow = TRUE, 2, 2)

cara_fish = fisher.test(cara_obs2,or=1-cara_change”2)

euca obs2 = matrix(c(euca_total-sum(euca con_choice),
euca_total-sum(eucalyptus_choice),
sum(euca_con_choice),
sum(eucalyptus_choice)),
byrow = TRUE, 2, 2)

euca_fish = fisher.test(euca obs2,or=1-euca change”2)

anis_obs2 = matrix(c(anis_total-sum(anis_con_choice),
anis_total-sum(anise_choice),
sum(anis_con_choice),
sum(anise_choice)),
byrow = TRUE, 2, 2)

anis_fish = fisher.test(anis_obs2,or=1-anis_change”2)

oreg_obs2 = matrix(c(oreg_total-sum(oreg con_choice),
oreg_total-sum(oregano_choice),
sum(oreg_con_choice),
sum(oregano_choice)),
byrow = TRUE, 2, 2)

oreg_fish = fisher.test(oreg_obs2,or=1-oreg change”2)

spmt_obs2 = matrix(c(spmt_total-sum(spmt_con_choice),
spmt_total-sum(spearmint choice),
sum(spmt_con_choice),
sum(spearmint_choice)),
byrow = TRUE, 2, 2)

spmt_fish = fisher.test(spmt_obs2,or=1-spmt_change”2)

eule obs2 = matrix(c(Imgr_total-sum(eule con_choice),
Imgr_total-sum(eucalemon_choice),
sum(eule con_choice),
sum(eucalemon_choice)),
byrow = TRUE, 2, 2)
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eule fish = fisher.test(eule obs2,or=1-eule change”2)

Imgr obs2 = matrix(c(lmgr_total-sum(legr con_choice),
Imgr _total-sum(lemongrass_choice),
sum(legr con_choice),
sum(lemongrass_choice)),

byrow = TRUE, 2, 2)

Imgr_fish = fisher.test(Imgr obs2,or=1-lmgr change”2)

cnbr_obs2 = matrix(c(cinn_total-sum(cinn_con_choice),
cinn_total-sum(cinnamon_choice),
sum(cinn_con_choice),
sum(cinnamon_choice)),
byrow = TRUE, 2, 2)

cnbr_fish = fisher.test(cnbr_obs2,or=1-cinna_change”2)

garl obs2 = matrix(c(garl total-sum(garl con_choice),
garl total-sum(garlic_choice),
sum(garl_con_choice),
sum(garlic_choice)),
byrow = TRUE, 2, 2)

garl fish = fisher.test(garl obs2,or=(1-garl change”2))

##0dds Ratios Fishers Exact - Choice

“*{ror_choice, echo = F}

rbind(pepp_fish$estimate,NA,
worm_fish$estimate,wint_fish$estimate,
thym_fish$estimate,cara_fish$Sestimate,
euca_fish$estimate,anis fish$estimate,
oreg_fish$estimate,spmt_fish$estimate,
cule fish$estimate,lmgr fish$estimate,
cnbr_fish$estimate,garl fish$estimate)

" {r binom_reg_choice, echo = F}
# glm()
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###Peppermint Expected Densities

" {r pepp_expectl }
pepp_expect
###Peppermint Observed Densities

**{r pepp_observedl}
pepp_observed

###Marjoram Expected Densities

" {r marj_expectl }

marj_expect

###Marjoram Observed Densities
" {r marj_observedl}

marj_ observed

###Wormwood Expected Densities
" {r worm_expectl}

worm_expect

###Wormwood Observed Densities
*{r worm_observed1}
worm_observed

####Wintergreen Expected Densities
{r wint_expectl}

wint_expect

###Wintergreen Observed Densities
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" {r wint_observed1}
wint_observed

###Thyme Expected Densities
" {r thym_expectl}
thym_expect

###Thyme Observed Densities
“*{r thym_observed1}
thym_observed

###Caraway Expected Densities
" {r cara_expectl }

cara_expect

###Caraway Observed Densities
“**{r cara_observedl}
cara_observed

###Eucalyptus Expected Densities
““{reuca expectl}

euca_expect

###Eucalyptus Observed Densities
“*{reuca observedl}
euca_observed

###Anise Expected Densities

" {r anis_expectl}
anis_expect
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###Anise Observed Densities

“*{r anis_observedl}
anis_observed

###Oregano Expected Densities

" {r oreg_expectl}

oreg_expect

###Oregano Observed Densities
“*{r oreg_observedl}
oreg_observed

###Spearmint Expected Densities
" {r spmt_expectl }

spmt_expect

###Spearmint Observed Densities
“{r spmt_observedl}
spmt_observed

###EucalLemon Expected Densities
“{reule expectl}

eule expect

###EucalLemon Observed Densities
“*{reule observedl}

eule observed

###Lemongrass Expected Densities
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" {r Imgr_expectl}
Imgr expect

###Lemongrass Observed Densities

{r Imgr_observed1}
Imgr observed

###CinnaBark Expected Densities

" {r cinn_expectl}
cinn_expect

###CinnaBark Observed Densities

“*{r cinn_observed1}
cinn_observed

###Garlic Expected Densities

Y {r garl expectl}
garl expect

###Garlic Observed Densities

“*{r garl observedl}
garl observed

“*{r choice confint}

choice confidence = rbind(pepp_fish$conf.int[c(1,2)],NA,
worm_fish$conf.int[c(1,2)],
wint_fish$conf.int[c(1,2)],
thym_fish$conf.int[c(1,2)],
cara_fish$conf.int[c(1,2)],
euca_fish§conf.int[c(1,2)],
anis_fish$conf.int[c(1,2)],
oreg_fish§conf.int[c(1,2)],
spmt_fish$conf.int[c(1,2)],
eule fish$conf.int[c(1,2)],
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Imgr fish$conf.int[c(1,2)],
cnbr_fish§conf.int[c(1,2)],
garl_fish$conf.int[c(1,2)])
choice confidence = cbind(choice confidence,rbind(
pepp_fish$p.value,NA,
worm_fish$p.value,wint fish$p.value,
thym_fish$p.value,cara_fish$p.value,
euca_fish$p.value,anis_fish$p.value,
oreg_fish§p.value,spmt_fish$p.value,
cule fish$p.value,Imgr fish$p.value,
cnbr_fish$p.value,garl fish$p.value
)
row.names(choice confidence)=c("Peppermint","Marjoram",
"Wormwood","Wintergreen",
"Thyme","Caraway",
"Eucalyptus"," Anise",
"Oregano","Spearmint",
"EucalLemon","Lemongrass",
"Cinnamon","Garlic")
colnames(choice confidence)=c("Lower","Upper","P")

conf table = knitr::kable(choice confidence,
"html")
conf table%>%
kable styling(bootstrap options = c("striped",
"hover",
"responsive"),
full width =F)

The significance is astounding. It appears %$\Delta"2$ is an accurate predictor
for the decisions females make while ovipositing in an odor-filled environment. Or at
least the distribution of larvae across treated plants. I will repeat these tests on a
doubled scale.

“*{r choice fig setup}

choice branch = branch_treat[c(1:3,5:15)]
choice matK = matK treat[c(1:3,5:15)]

choice rbcL =rbcL treat[c(1:3,5:15)]

choice matKrbcL = matKrbcL treat[c(1:3,5:15)]

##Choice binomial test

**{r choice_binom, echo = F}
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#choice binomial$Plant

#choice binomial$Choice
#choice binomial$Larvae
#choice binomial$Choose

choice bin reg = glm(Choose~Plant:Choice,
data = choice binomial,
family = binomial)

summary(choice bin reg)
odds _ratio_choice = cbind(choice bin_regS$coefficients,
exp(coef(choice bin reg)))

confint.default(choice bin reg,
level = 0.95)

" {r choice_odds, echo =F}
odds_ratio_choice

##Choice Test Figures

To maintain good form, here are the no-choice figures using choice data. These
are not in the manuscript.

“*{r choice_df}
choice df = data.frame(
Plant=c("Peppermint","Marjoram",
"Wormwood","Wintergreen",
"Thyme","Caraway",
"Eucalyptus","Star Anise",
"Oregano","Spearmint",
"Euca Lemon","Lemongrass",
"Cinna Bark","Garlic"),
Family=c("Lamiaceae","Lamiaceae",
"Asteraceae","Ericaceae",
"Lamiaceae","Apiaceae",
"Myrtaceae","Schisandraceae",
"Lamiaceae","Lamiaceae",
"Myrtaceae","Poaceae",
"Lauraceae"," Amaryllidaceae"),
infest_treat=c(0,NA,
4.5,0.5,
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0,0,
0.1,1.9,
2.6,0.8,
0,2.3,
11.4,0.1),
infest_con=c(9.9,NA,
7.7,6.3,
13.8,0,
0.6,19.9,
19.1,20.9,
4.9,10.3,
48.9,20),
infest_t=c(pepp_choice t$p.value,
NA,
worm_choice_t$p.value,
wint_choice t$p.value,
thym_choice t$p.value,
cara_choice t$p.value,
euca_choice t$p.value,
anis_choice t$p.value,
oreg_choice t$p.value,
spmt_choice t$p.value,
eule choice t$p.value,
legr choice t$p.value,
cinn_choice_t$p.value,
garl choice t$p.value),
branch choice = choice branch,
matK choice = choice_matK,
rbcL_choice = choice rbcL,
matKrbcL choice = choice matKrbcL)

***{r choice bar setup}
detach(choice)
attach(choice df)

**{r choice_branch plot trt}
choice plotl <- ggplot(choice df,
aes(x=Plant[order(branch_choice)],
y=infest_treat[
order(branch_choice)],
colour=factor(Family[
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order(branch_choice)])))

choice plotl +
geom_point(shape=19,
size=4) +
guides(fill=FALSE) +
theme(axis.ticks = element_blank(),
panel.grid.major = element_blank(),
panel.grid.minor = element blank(),
panel.background = element blank())+
scale x_discrete(name="Treatment (Ordered by Branches)",
limits=Plant[order(branch_choice)]) +
scale_y continuous(name="Average Infestation",
limits = ¢(0,20),
breaks = ¢(0,5,10,15,20),
expand = ¢(0.2,0.5))+
theme(text = element_text(size = 20)) +
# geom_errorbar(ymin = branch_min-10,

# ymax = branch_max+10,
# color = "Black",
# width=0)+

geom_hline(yintercept=mean(infest con, na.rm = T),
linetype="dotted") +
labs(colour = "Plant Family") +
theme(legend.key = element rect(fill=NA,
colour=NA,
size=0.25)) +
annotate("text",

X =8,
y = mean(infest_con,na.rm = T)+1,
angle=-90,

label = "Average larval density on untreated plants") +
# annotate("segment",
# x=12,
# xend =12,
# y=38,
# yend = infest_treat[Plant=="Cinna Bark"]-0.5,
# colour = "black",
# size=0.85,
# alpha=1,
# arrow=arrow(length = unit(0.25,"cm")))+
# annotate("text",
# x=12,
# y = infest_treat[Plant=="Cinna Bark"]-6,
# angle=0,
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# label = "Strange") +
coord_flip()

" {r choice_matK plot_trt}
choice plot2 <- ggplot(choice df,
aes(x=Plant[order(matK choice)],
y=infest_treat[
order(matK choice)],
colour=factor(Family[
order(matK choice)])))

choice plot2 +
geom_point(shape=19,
size=4) +
guides(fill=FALSE) +
theme(axis.ticks = element_blank(),
panel.grid.major = element_blank(),
panel.grid.minor = element_blank(),
panel.background = element blank())+
scale x_discrete(name="Treatment (Ordered by matK)",
limits=Plant[order(matK choice)]) +
scale_y continuous(name="Average Infestation",
limits = ¢(0,20),
breaks = ¢(0,5,10,15,20),
expand = c¢(0.2,0.5))+
theme(text = element_text(size = 20)) +
# geom_errorbar(ymin = branch_min-10,

# ymax = branch_max+10,

# color = "Black",

# width=0)+

geom_hline(yintercept=mean(infest _con,
na.rm = T),

linetype="dotted") +
labs(colour = "Plant Family") +
theme(legend.key = element_rect(fill=NA,
colour=NA,
size=0.25)) +
annotate("text",

X =38,

y = mean(infest_con,
na.rm = T)+1,

angle=-90,

label = "Average larval density on untreated plants") +

# annotate("segment",
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x=17,

xend =7,

y=38,

yend = infest_treat[Plant=="Cinna Bark"]-0.5,
colour = "black",

size=0.85,

alpha=1,

arrow=arrow(length = unit(0.25,"cm")))+
annotate("text",

x=17,
y = infest_treat[Plant=="Cinna Bark"]-6,
angle=0,

FoH H H H H H H H H H HH

label = "Strange") +
coord_flip()

“*{r choice rbcL plot trt}
choice plot3 <- ggplot(choice df,
aes(x=Plant[order(rbcL_choice)],
y=infest treat[
order(rbcL_choice)],
colour=factor(Family[
order(rbcL_choice)])))

choice plot3 +
geom_point(shape=19,
size=4) +
guides(fill=FALSE) +
theme(axis.ticks = element_blank(),
panel.grid.major = element_blank(),
panel.grid.minor = element_blank(),
panel.background = element blank())+
scale x_discrete(name="Treatment (Ordered by rbcL)",
limits=Plant[order(rbcL _choice)]) +
scale_y continuous(name="Average Infestation",
limits = ¢(0,20),
breaks = ¢(0,5,10,15,20),
expand = c¢(0.2,0.5))+
theme(text = element_text(size = 20)) +
# geom_errorbar(ymin = branch_min-10,

# ymax = branch_max+10,

# color = "Black",

# width=0)+

geom_hline(yintercept=mean(infest _con,
na.rm = T),
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linetype="dotted") +
labs(colour = "Plant Family") +
theme(legend.key = element_rect(fill=NA,
colour=NA,
size=0.25)) +
annotate("text",

X =38,

y = mean(infest con,
na.rm = T)+1,

angle=-90,

label = "Average larval density on untreated plants") +
# annotate("segment",

x=1,

xend =1,

y=38,

yend = infest_treat[Plant=="Cinna Bark"]-0.5,

colour = "black",

size=0.85,

alpha=1,

arrow=arrow(length = unit(0.25,"cm")))+
annotate("text",

x=1,

y = infest_treat[Plant=="Cinna Bark"]-6,

angle=0,

label = "Strange") +
coord_flip()

FoH H O H H H H H H H HH

“*{r choice_matKrbcL plot trt}
choice plot3 <- ggplot(choice df,
aes(x=Plant[order(matKrbcL choice)],
y=infest treat[
order(matKrbcL choice)],
colour=factor(Family[
order(matKrbcL choice)])))

choice plot3 +
geom_point(shape=19,
size=4) +
guides(fill=FALSE) +
theme(axis.ticks = element_blank(),
panel.grid.major = element_blank(),
panel.grid.minor = element_blank(),
panel.background = element blank())+
scale x_discrete(name="Treatment (Ordered by matK/rbcL)",
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limits=Plant[order(matKrbcL choice)]) +
scale_y continuous(name="Average Infestation",
limits = ¢(0,20),
breaks = ¢(0,5,10,15,20),
expand = c¢(0.2,0.5))+
theme(text = element_text(size = 20)) +
# geom_errorbar(ymin = branch_min-10,

# ymax = branch_max+10,

# color = "Black",

# width=0)+

geom_hline(yintercept=mean(infest _con,
na.rm = T),

linetype="dotted") +
labs(colour = "Plant Family") +
theme(legend.key = element_rect(fill=NA,
colour=NA,
size=0.25)) +
annotate("text",

X =38,

y = mean(infest con,
na.rm = T)+1,

angle=-90,

label = "Average larval density on untreated plants") +
# annotate("segment",

x=1,

xend =1,

y=38,

yend = infest_treat[Plant=="Cinna Bark"]-0.5,

colour = "black",

size=0.85,

alpha=1,

arrow=arrow(length = unit(0.25,"cm")))+
annotate("text",

x=1,

y = infest_treat[Plant=="Cinna Bark"]-6,

angle=0,

label = "Strange") +
coord_flip()

FoH H H H H HE H H H H HH

**{r choice _branch plot utc}
choice plotl <- ggplot(choice df,
aes(x=Plant[order(branch_choice)],
y=infest con[
order(branch_choice)],
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colour=factor(Family[
order(branch_choice)])))

choice plotl +
geom_point(shape=19,
size=4) +
guides(fill=FALSE) +
theme(axis.ticks = element_blank(),
panel.grid.major = element_blank(),
panel.grid.minor = element_blank(),
panel.background = element blank())+
scale x_discrete(name="Treatment (Ordered by Branches)",
limits=Plant[order(branch_choice)]) +
scale_y continuous(name="Average Infestation",
limits = ¢(0,25),
breaks = ¢(0,5,10,15,20,25),
expand = c¢(0.2,0.5))+
theme(text = element_text(size = 20)) +
# geom_errorbar(ymin = branch_min-10,

# ymax = branch_max+10,

# color = "Black",

# width=0)+

geom_hline(yintercept=mean(infest treat,
na.rm = T),

linetype="dotted") +
labs(colour = "Plant Family") +
theme(legend.key = element_rect(fill=NA,
colour=NA,
size=0.25)) +
annotate("text",

X =38,

y = mean(infest_treat,
na.rm = T)+1,

angle=-90,

label = "Average larval density on treated plants") +
annotate("rect",
xmin=4.5,
xmax=9.5,
ymin=_8,
ymax=23,
alpha=0.2,
angle=30,
color="blue",
fill="blue") +
annotate("text",
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x=17,

y =13,

angle=0,

color="blue",

hjust=0.5,

label = "Lamiaceae\n I don't trust this.

I think it's an artifact

of how the values are

ordered after grouping

by branches.") +
coord_flip()

" {r choice_matK plot utc}
choice plot2 <- ggplot(choice df,
aes(x=Plant[order(matK choice)],
y=infest con[
order(matK choice)],
colour=factor(Family[
order(matK choice)])))

choice plot2 +
geom_point(shape=19,
size=4) +
guides(fill=FALSE) +
theme(axis.ticks = element_blank(),
panel.grid.major = element_blank(),
panel.grid.minor = element blank(),
panel.background = element blank())+
scale x_discrete(name="Treatment (Ordered by matK)",
limits=Plant[order(matK choice)]) +
scale_y continuous(name="Average Infestation",
limits = ¢(0,50),
breaks = ¢(0,10,20,30,40,50),
expand = ¢(0.3,0.5))+
theme(text = element_text(size = 20)) +
# geom_errorbar(ymin = branch_min-10,

# ymax = branch_max+10,

# color = "Black",

# width=0)+

geom_hline(yintercept=mean(infest treat,
na.rm = T),

linetype="dotted") +
labs(colour = "Plant Family") +
theme(legend.key = element_rect(fill=NA,
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colour=NA,
size=0.25)) +
annotate("text",

X =38,

y = mean(infest_treat,
na.rm = T)+1,

angle=-90,

label = "Average larval density on treated plants") +
coord_flip()

**{r choice _rbcL plot utc}
choice plot3 <- ggplot(choice df,
aes(x=Plant[order(rbcL_choice)],
y=infest con[
order(rbcL_choice)],
colour=factor(Family[
order(rbcL_choice)])))

choice plot3 +
geom_point(shape=19,
size=4) +
guides(fill=FALSE) +
theme(axis.ticks = element_blank(),
panel.grid.major = element_blank(),
panel.grid.minor = element_blank(),
panel.background = element blank())+
scale x_discrete(name="Treatment (Ordered by rbcL)",
limits=Plant[order(rbcL _choice)]) +
scale_y continuous(name="Average Infestation",
limits = ¢(0,50),
breaks = ¢(0,10,20,30,40,50),
expand = c¢(0.2,0.5))+
theme(text = element_text(size = 20)) +
# geom_errorbar(ymin = branch_min-10,

# ymax = branch_max+10,

# color = "Black",

# width=0)+

geom_hline(yintercept=mean(infest treat,
na.rm = T),

linetype="dotted") +
labs(colour = "Plant Family") +
theme(legend.key = element_rect(fill=NA,
colour=NA,
size=0.25)) +
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annotate("text",

X =38,

y = mean(infest_treat,
na.rm = T)+1,

angle=-90,

label = "Average larval density on treated plants") +
coord_flip()

**{r choice_matKrbcL plot utc}
choice plot3 <- ggplot(choice df,
aes(x=Plant[order(matKrbcL choice)],
y=infest con[
order(matKrbcL choice)],
colour=factor(Family[
order(matKrbcL choice)])))

choice plot3 +
geom_point(shape=19,
size=4) +
guides(fill=FALSE) +
theme(axis.ticks = element_blank(),
panel.grid.major = element_blank(),
panel.grid.minor = element blank(),
panel.background = element blank())+
scale x_discrete(name="Treatment (Ordered by matK/rbcL)",
limits=Plant[order(matKrbcL choice)]) +
scale_y continuous(name="Average Infestation",
limits = ¢(0,50),
breaks = ¢(0,10,20,30,40,50),
expand = ¢(0.2,0.5))+
theme(text = element_text(size = 20)) +
# geom_errorbar(ymin = branch_min-10,

# ymax = branch_max+10,

# color = "Black",

# width=0)+

geom_hline(yintercept=mean(infest treat,
na.rm = T),

linetype="dotted") +
labs(colour = "Plant Family") +
theme(legend.key = element_rect(fill=NA,
colour=NA,
size=0.25)) +
annotate("text",
X =38,
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y = mean(infest_treat,
na.rm = T)+1,
angle=-90,
label = "Average larval density on treated plants") +
coord_flip()

Table 2: Summary data for choice tests used for ggplot figures

“**{r choice kable}
choice table = knitr::kable(choice df,
"html")
choice table%>%
kable styling(bootstrap options = c("striped",
"hover",
"responsive"),
full width =F)

#Bigger choice tests

“*{r big_choice_setup}
detach(choice_df)
attach(big_choice)

*{r big_choice df}
#tapply(Larvae,Oil,mean,na.rm=T)
#tapply(Larvae, Treated,mean,na.rm=T)

big_choice df =
aggregate(big_choice,by=list(Family,Oil, Treated),mean,na.rm=T)
big_choice df =big choice dffc(1:3,5,8:10)]
colnames(big_choice df)[1:3] = c("Family",
"Treatment",
"Treated")
big_choice df2 =big choice df1:6,]
larv_treat = big_choice df$Larvae[big choice df$Treated==1]

big _choice bar df = data.frame(big_choice df2[c(1,2,4)],
larv_treat,
big_choice df2[5:7])

colnames(big_choice bar df) = c("Family","Treatment",
"larv_con","larv_treat",
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"branches","matK","rbcL")

" {rbig fish setup}
pepp_big_trt = Larvae[which(c(Oil=="A" & Treated==1))]
pepp_big con = Larvae[which(c(Oil=="A" & Treated==0))]
pepp_total2 = sum(pepp_big_trt,

pepp_big_con)

marj_big_ trt = Larvae[which(c(Oil=="B" & Treated==1))]
marj_big con = Larvae[which(c(Oil=="B" & Treated==0))]
marj_total2 = sum(marj big_trt,

marj_big con)

worm_big_trt = Larvae[which(c(Oil=="C" & Treated==1))]
worm_big con = Larvae[which(c(Oil=="C" & Treated==0))]
worm_total2 = sum(worm_big_trt,

worm_big con)

wint_big_trt = Larvae[which(c(Oil=="D" & Treated==1))]
wint_big_con = Larvae[which(c(Oil=="D" & Treated==0))]
wint_total2 = sum(wint_big_trt,

wint_big con)

thym big_trt = Larvae[which(c(Oil=="E" & Treated==1))]
thym big con = Larvae[which(c(Oil=="E" & Treated==0))]
thym_total2 = sum(thym_big_trt,

thym_big con)

cara_big trt = Larvae[which(c(Oil=="F" & Treated==1))]
cara_big con = Larvae[which(c(Oil=="F" & Treated==0))]
cara_total2 = sum(cara_ big_trt,

cara_big con)

" {rbig_fish}

pepp_obs_big = matrix(c(pepp_total2-sum(pepp_big con),
pepp_total2-sum(pepp_big_trt),
sum(pepp_big_con),

sum(pepp_big_trt)),
byrow = TRUE, 2, 2)

pepp_fish big = fisher.test(pepp_obs_big,or=1-pepp_change)
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marj_obs_big = matrix(c(marj_total2-sum(marj big con),
marj_total2-sum(marj big_trt),
sum(marj_big con),
sum(matj_big_trt)),
byrow = TRUE, 2, 2)

marj_fish big = fisher.test(marj obs big,or=1-marj change)

worm_obs_big = matrix(c(worm_total2-sum(worm_big_con),
worm_total2-sum(worm_big_trt),
sum(worm_big_con),
sum(worm_big_trt)),
byrow = TRUE, 2, 2)

worm_fish big = fisher.test(worm_obs_big,or=1-worm_change)

wint_obs_big = matrix(c(wint_total2-sum(wint_big_con),
wint_total2-sum(wint_big_trt),
sum(wint_big_con),
sum(wint_big_trt)),
byrow = TRUE, 2, 2)

wint_fish big = fisher.test(wint_obs_big,or=1-wint_change)

thym obs big = matrix(c(thym total2-sum(thym_big con),
thym_total-sum(thym_big_trt),
sum(thym_big_con),
sum(thym_big_trt)),
byrow = TRUE, 2, 2)

thym_fish big = fisher.test(thym_obs_big,or=1-thym_change)

cara_obs_big = matrix(c(cara_total2-sum(cara_big con),
cara_total2-sum(cara_big_trt),
sum(cara_big_con),
sum(cara_big_trt)),
byrow = TRUE, 2, 2)

cara_fish big = fisher.test(cara_obs_big,or=1-cara_change)
Table 3: Upper and lower confidence intervals on odds ratios for big choice
tests.

" {r big_confint}
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big confidence = rbind(pepp_fish bigSconf.int[c(1,2)],
marj_fish _bigSconf.int[c(1,2)],
worm_fish_big$conf.int[c(1,2)],
wint_fish_big$conf.int[c(1,2)],
thym fish big$conf.int[c(1,2)],
cara_fish bigSconf.int[c(1,2)])
big_confidence = cbind(big_confidence,rbind(
pepp_fish_big$p.value,
marj_fish_big$p.value,
worm_fish_big$p.value,
wint_fish_big$p.value,
thym fish big$p.value,
cara_fish big$p.value
)
row.names(big_confidence)=c("Peppermint","Marjoram",
"Wormwood","Wintergreen",
"Thyme","Caraway")
colnames(big_confidence)=c("Lower","Upper","P")

big conf table = knitr::kable(big_confidence,
"html")
big_conf table%>%
kable_styling(bootstrap options = c("striped",
"hover",

"responsive"),
full width =F)

We do not have enough replicates to report these data in the manuscript with
confidence. ["2]

["2]: Not enough odors were tested to use phylo as an estimator

#Gas Chromatography
1. Do essential oil profiles vary in their composition?
2. Does phylogenetic relatedness describe the variation?

" {r gc_model matK,echo=F,message=F}
gc_matK model = Im(kodachroma$Integration~kodachroma$matK)
summary(gc_matK model)

{r gc_model rbcL,echo=F,message=F}
gc rbcL._model = Im(kodachroma$Integration~kodachroma$rbcL)
summary(gc_rbcL._model)
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gc_model = Im(kodachroma$Integration~kodachroma$Odor)
summary(gc_model)

" {rprin_comp_vary,,echo=F,message=F}

eo_chroma cat =eo_ chromatographs[3:38,2:19]
eo_chroma centered = scale(eo_chroma_cat,
center =T,
scale=T)

pca_plotl = princomp(eo_chroma centered)
eo_pca_center = princomp(eo_chroma_centered)

4. Using odor variation, measured using gc-fid and PCA

" {r dataswitchl}
detach(big_choice)
attach(oviposition)

" {r pca_nb,echo=FALSE,message=FALSE}
tmp4 = glm.nb(Larvae~PCA_vary)
summary(tmp4)

Testing model assumptions

" {rpca_test,echo=FALSE,message=FALSE}
tmp4 1 <- update(tmp4,

.~.-PCA_ vary)
anova(tmp4,tmp4 1)

Using Im() to get the SR*{2}$
Y {rpca 12}

pca_model = Im(Larvae~PCA _vary)
summary(pca_model)

Loadings (eigenvectors) from centered/scaled chromatography dataset.
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“"{reo _pca setup}

eo_load all = as.data.frame(eo_pca_center§loadings[,1:18])
eo_eigen tmp = eigen(eo load all)

eo_eigen = eo_eigen_tmp$values

eo_load matrix = as.data.frame(eo_pca_center$loadings[,1:6])

matK2 = ¢(0.3863,0.3953,0.3443,
0.3339,0.3915,0.3601,
0.2675,0.3580,0.3954,
0.3863,0.2709,0.8489,
0.3642,0.5002,0.2741,
0.2500,0.3877,0.3677)

rbcL2 =¢(0.1391,0.1411,0.1673,
0.1314,0.1381,0.1357,
0.1181,0.1387,0.1372,
0.1413,NA,0.2173,
0.1169,0.1522,0.1150,
0.1456,0.1385,0.1312)

#eo load matrix

eo_pca = prcomp(eo_chroma_centered)

#eo_pca$loadings

centers = ¢(6999.225,6209.581,
6727.453,NA,
6956.879,7435.659,
7603.061,7361.794,
6782.277,6083.704,
7184.303,7773.369,
5757.914,7006.297,
6171.988,7443.751,
5742.769,7374.439,
7626.046)

percent_change df$pca center = centers

percent change dffpca center log = log(centers)

###Testing eigenvalues of PCA across all essential oil chromatographs against
our measures of phylogeny

" {r matk eig, echo =F}
# eig_ matK modell = Im(matK2~eo_eigen)
# summary(eig matK modell)
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" {r eig_matk, echo =F}
eig matK model2 = Im(eo_eigen~matK?2)
summary(eig_matK model2)

“{rrbcL eig, echo=F}
# eig_rbcL._modell = Im(rbcL2~eo_eigen)
# summary(eig_rbcL._modell)

“{reig rbcL, echo =F}
eig rbcL_model2 = Im(eo_eigen~rbcl.2)
summary(eig_rbcL _model2)

" {reig_matK plot, echo = F}
plot(eo_eigen~matK2)

“{reig_rbcL plot, echo =F}
plot(eo_eigen~rbcL2)

#Output debug

" {reigen matk, echo =F}
tmp5 = Im(matK2~Comp.1 +
Comp.2 +
Comp.3 +
Comp.4 +
Comp.5 +
Comp.6,
data =eo_load matrix)
summary(tmp5)

" {r dataswitch2}
detach(oviposition)
attach(percent change df)

{reo_pca matK}
matK pca <- ggplot(percent change df,
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aes(x=Essential.Oil[order(matK)],
y=pca_center[order(matK)],
colour = factor(Family[order(matK)])))

matK pca +
geom_point(shape=19,
size=4) +
guides(fill=FALSE) +
theme(axis.ticks = element_blank(),
panel.grid.major = element_blank(),
panel.grid.minor = element blank(),
panel.background = element blank())+
scale x_discrete(name="Treatment (Ordered by matK Phylogeny)",
limits=Essential. Oil[order(matK)],
expand = c(0,1))+
scale_y continuous(name="Centroid of Principal Components",
limits = ¢(5400,8100),
breaks = ¢(5700,7800),
expand = c(0,1))+
theme(text = element_text(size = 20)) +
geom_hline(yintercept=5000,
linetype="dotted") +
labs(colour = "Plant Family") +
theme(legend.key = element rect(fill = NA,
colour = NA,
size = 0.25)) +
coord_flip()

“"{reo pca rbcL}
rbcL pca <- ggplot(percent change df,
aes(x=Essential.Oil[order(rbcL)],
y=pca_center[order(rbcL)],
colour = factor(Family[order(rbcL)])))

rbcl pca +
geom_point(shape=19,
size=4) +
guides(fill=FALSE) +
theme(axis.ticks = element_blank(),
panel.grid.major = element_blank(),
panel.grid.minor = element blank(),
panel.background = element blank())+
scale x_discrete(name="Treatment (Ordered by rbcL Phylogeny)",
limits=Essential.Oil[order(rbcL)],
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expand = c¢(0,1))+
scale_y continuous(name="Centroid of Principal Components",
limits = ¢(5400,8100),
breaks = ¢(5700,7800),
expand = c(0,1))+
theme(text = element_text(size = 20)) +
geom_hline(yintercept=5000,
linetype="dotted") +
labs(colour = "Plant Family") +
theme(legend.key = element rect(fill = NA,
colour = NA,
size = 0.25)) +
coord_flip()

“{reo pca larv}

pca_max = percent_change[order(pca_center)]+
change sd[order(pca center)]

pca_min = percent_change[order(pca_center)]+
change sd[order(pca center)]

pca_plot <- ggplot(percent change df,
aes(x=Essential.Oil[order(pca_center)],
y=percent_change[order(pca_center)],
colour = factor(Family[order(pca_center)])))

pca_plot +
geom_point(shape=19,
size=4) +
guides(fill=FALSE) +
theme(axis.ticks = element_blank(),
panel.grid.major = element_blank(),
panel.grid.minor = element blank(),
panel.background = element blank())+
scale x_discrete(name="Treatment (Ordered by Centroid)",
limits=Essential.Oil[order(pca_center)],
expand = c(0,1))+
scale y continuous(name="Percent Change from Control",
limits = ¢(-100,100),
breaks = ¢(-100,-50,
0,50,100),
expand = c¢(0.2,0.5))+
theme(text = element_text(size = 20)) +
geom_errorbar(ymin = pca_min-10,
ymax = pca_max+10,
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color = "Black",
width=0)+
geom_hline(yintercept=0,
linetype="dotted") +
labs(colour = "Plant Family") +
theme(legend.key = element rect(fill = NA,
colour = NA,
size = 0.25)) +
coord_flip()

In order to compare compounds of similar weights, we divided the raw data into
9 retention time windows of 1.2 min because heavier compounds take longer to reach
the detector at the end of the coil. We performed a principal component analysis at each
of these indexes to test for variation between compounds of similar molecular mass.

“*{r chroma pcal}

eo_pca_dfl = chromatograph pca[,5:10]
eo_pca_df2 = chromatograph pca[,11:15]
eo_pca_df3 = chromatograph pca[,16:20]
eo_pca_df4 = chromatograph pca[,21:25]
eo_pca_df5 = chromatograph pca[,26:30]
eo_pca_df6 = chromatograph pca[,31:35]
eo_pca_df7 = chromatograph pca[,36:40]
eo_pca_df8 = chromatograph pca[,41:45]
eo_pca_df9 = chromatograph pca[,46:48]

# eo_pca_df1$Plant = c("Peppermint","Marjoram",
"Wormwood","Wintergreen",
"Thyme","Caraway",
"Eucalyptus"," Anise",
"Oregano","Spearmint",
"EucalLem","Lemongrass",
"CinnaBark","Garlic",
"Niaouli","Cassia",
"Rosemary","Coriander")

FoFH H H H H HH

# eo_pca_all = chromatograph pca[,5:48]
# tmp_all = prcomp(eo_pca_all,center=T,scale.=T)

tmpl = prcomp(eo_pca_dfl)
tmp2 = prcomp(eo_pca_df2)
tmp3 = prcomp(eo_pca_df3)
tmp4 = prcomp(eo_pca_df4)
tmp5 = prcomp(eo_pca_df5)
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tmp6 = prcomp(eo_pca_df6)
tmp7 = prcomp(eo_pca_df7)
tmp8 = prcomp(eo_pca_df8)
tmp9 = prcomp(eo_pca_df9)

autoplot(tmpl,
data = chromatograph pca,
colour = 'Plant’,
loadings=T)

“*{r chroma pca2}

autoplot(tmp2,
data = chromatograph pca,
colour = 'Plant’,
loadings=T)

“*{r chroma pca3}
autoplot(tmp3,
data = chromatograph pca,
colour = 'Plant’,
loadings=T)

“*{r chroma pca4}

autoplot(tmp4,
data = chromatograph pca,
colour = 'Plant’,
loadings=T)

“*{r chroma pca5}
autoplot(tmp5,
data = chromatograph pca,

colour = 'Plant’,
loadings=T)

**{r chroma pca6}
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autoplot(tmp6,
data = chromatograph pca,
colour = 'Plant’,
loadings=T)

**{r chroma pca7}

autoplot(tmp7,
data = chromatograph pca,
colour = 'Plant’,
loadings=T)

**{r chroma pca8}

autoplot(tmps,
data = chromatograph pca,
colour = 'Plant’,
loadings=T)

**{r chroma pca9}

autoplot(tmp9,
data = chromatograph pca,
colour = 'Plant’,
loadings=T)

" {r warns,echo=FALSE}
options(warn = 0)
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CHAPTER 3: OLFACTOMETER ASSAYS
3.1. Abstract

Specialist insect herbivores are repelled by non-host odors. As naturally derived
plant compounds, essential oils provide a wide range of repellents, but identifying
which odors will repel a specific insect is difficult because of botanical diversity and
the specificity of insect olfaction. Since an odor is only detected if bound by a receptor,
we hypothesized that physicochemical similarity (physical and chemical properties) of
essential oil odors to behaviorally active host odors would be predictive of repellency
for a specialist herbivore. Swede midge (Diptera: Cecidomyiidae) is an invasive pest
that specializes on brassica crops, causing >80% losses annually. Previous work has
shown that even a single larva can render cauliflower unmarketable, so repellency is an
important avenue to study for managing swede midge. Here, we tested 15 essential oils
for their ability to repel gravid females from broccoli tissue in y-tube olfactometer
assays. We asked: 1) how do non-host odors influence host searching behavior of
gravid swede midge? 2) Does physicochemical similarity of non-host odors to
behaviorally active (i.e. processed by antennae and brain) host odors describe their
influence on host searching behavior? Interestingly, we found that swede midge
avoided non-host odors that were less similar to brassica odors. While females were
overall less likely to choose host plants treated with essential oils, they particularly

avoided plants treated with garlic, thyme, eucalyptus lemon, and cinnamon.
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3.2. Introduction

Insect herbivores have been shown to avoid odors from non-host plants, which
could be useful for pest control. Many specialist phytophagous insects orient to their
host plants using chemical cues (Hansson and Stensmyr 2011; Linz et al. 2013). Host
acceptance is a highly specific process for insect specialists (Anton et al., 2007;
Gadenne et al., 2016), and plant volatiles directly influence insect behavior (Carlson,
1996; Hallem et al., 2006; Hallem & Carlson, 2004; Knaden et al., 2012). In contrast,
insects are known to avoid particular plants (Isman 2006; Ferreira Maia and Moore
2011), but there is limited understanding of what properties of odors make them
repellent to specialist insects.

True repellency, the directed movement away from an odor source without
physical contact (Deletre et al. 2016), is poorly understood for insect pest management
(Hooks and Johnson 2003; Katz et al. 2008). Many specialist phytophagous insects
orient to their host plants using chemical cues (Hansson and Stensmyr 2011; Linz et al.
2013), but how and whether insects respond to non-host odors is less studied. The
composition, quantity, and quality of semiochemicals are important in governing host
acceptance (Dweck et al. 2013; Auffarth 2013) and while specialist herbivores are
known to avoid ovipositing on non-host plants (Jactel et al. 2011; Tang et al. 2012;
Castagneyrol et al. 2013), it is unclear which non-host plant(s) will repel a specialist
herbivore (Deletre et al. 2016). Non-host odors must be bound by an olfactory receptor
with specific biological structure to be truly repellent (Deletre et al. 2016) and while

much work has been done to identify repellents for disease vectors (e.g. Aedes aegypti,

165



Anopholes gambiiae) (Amer and Mehlhorn 2006; Qiu et al. 2006; Ditzen et al. 2008)
our understanding of what makes compounds repellent could improve their use in
sustainable pest management.

Deletre et al. (2016) reviewed a range of mechanisms that could be involved in
repellency. If an odor is not bound by a receptor, the insect does not smell it (Pelosi et
al. 2006). For example, odors can mask the recognition of host odors by physically
disrupting the reception of host compounds. DEET is attributed to this type of
repellency (Ditzen et al. 2008). Irritability refers to repellency following direct contact
with the odor. Antifeedant refers to compounds that disrupt feeding behavior, pre- or
post- consumption, and are not used against host-seeking adults that do not consume
host tissue. Also, mechanisms of repellency that do not require an odor to be bound
have been suggested but are difficult to test (Deletre et al. 2016). Finally, host plants
can be visually masked making them less apparent, a tangential form of repellency.
While these mechanisms of repellency have been generally described in Deletre et al.
(2016), we still do not know which odors will be repellent to which insects.

A comprehensive understanding of repellency would greatly improve ecological
pest management through the development of targeted compounds for specific pests
(Regnault-Roger et al. 1993, 2012; Regnault-Roger 1997). Plants defend against
herbivores through a wide range of defensive strategies (Dicke and Hilker 2003; Gols
et al. 2012) resulting in a vast arsenal of defensive compounds [e.g. alkaloids,
terpenoids, phenolics, proteinase inhibitors, growth regulators (Atsatt and O’Dowd

1976; Dudareva and Pichersky 2008; War et al. 2012)] and behaviorally active
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semiochemicals (Wink 2003; Kessler 2015). However, because odor recognition is
highly precise, odors that repel one insect do not necessarily repel another (Jefferis and
Hummel 20006).

Essential oils contain a wide range of plant-derived compounds that may
successfully repel insect pests (Regnault-Roger 1997; Regnault-Roger et al. 2012), but
identifying the compound(s) that will repel a specialist requires behavioral trials
(Deletre et al. 2016). Chemical reactions are complex, and the physical/chemical
properties (hereafter physicochemical properties) of compounds dictates interactions
and biological activity. For example, if an olfactory receptor contains 3 binding
pockets, the behaviorally relevant ligand can presumably have 3 binding domains
(Leite et al. 2009; Leal 2013; Ma et al. 2018). Since an insect only detects an odor if
bound by a receptor (with specific biological structure (Komiyama and Luo 2006)),
physicochemical similarity of non-host odors (volatilized from essential oils) to a
specialist’s host odors may be related to whether an insect can smell non-host odors.

Swede midge (Contarinia nasturtii; Diptera: Cecidomyiidae) is a pest of
brassicas causing significant losses throughout the southern provinces of Canada and
multiple states in the northeastern United States. Losses are most severe in heading
brassicas (cauliflower and broccoli) because larvae feed on the developing meristem,
and severe damage can lead to the complete absence of head formation (Stratton et al.
2018). As a brassica specialist, swede midge antennae are tuned to isothiocyanate
groups that volatilize off plant tissue following glucosinolate-myrosinase reactions

(Fernandes et al. 2009; Molnar et al. 2018), so structural similarity of non-host odors to
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these behaviorally active host odors may be predictive of which odors swede midge are
capable of detecting.

Our previous work indicated that less phylogenetically related non-host odors,
applied to broccoli, are more likely to reduce larval densities of swede midge (Stratton
et al. in prep), but these trials did not specifically test for true repellency (as detailed in
Deletre et al. 2016). Phylogenetic relatedness takes a broad view of the relatedness of
non-host plants and may therefore capture a broader range of repellent activity. Here,
we tested whether the 15 essential oils that previously reduced larval densities also alter
gravid female behavior in an olfactometer. We hypothesized that physicochemical
similarity of non-host odors to behaviorally active host odors (described in Molnér et
al. 2018) influences their ability to repel swede midge from host plant tissue.
Specifically, we asked: 1) how do non-host odors influence host-seeking behavior of
female swede midge? 2) Does physicochemical similarity of non-host odors to
behaviorally active host odors describe their influence on host-seeking behavior? Based
on our understanding of repellency, we expected less similar odors as the most likely
true repellents and more similar odors most likely to mask the recognition of host
odors, as they are more likely to interact with host odorant receptors.

3.3. Methods

3.3.1. Plant Production
Broccoli (B. oleracea var. Packman, Harris Seeds, Rochester, NY, USA) plants

were grown in the University of Vermont (UVM) greenhouse in Burlington, VT for our
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research. Fafard® 3B potting mix (Agawam, MA, USA) was used as the soil medium.
After 4 weeks, seedlings were transplanted from 128 cell trays to 10 cm square pots,
and grown at 21° C and 45% RH, with a 16L:8D photoperiod. Our fertilizer regime was
consistent for both broccoli (used in research) and cauliflower (used for colony rearing)
at 5-5-5 (N-P-K), diluted per label directions.
3.3.2. Colony Rearing

We maintain a colony of swede midge on cauliflower B. oleracea group
Botrytis ‘Snow Crown’ (Harris Seeds, Rochester, NY), using a protocol described in
Stratton et al. (2018). Cauliflower with ~8 true leaves were placed daily in oviposition
cages, exposing them to adults for 1 d, then moved to rearing cages where larvae
developed for ~2 wks at ~25 °C. Finally, planting pots with pupating larvae were
moved back into oviposition cages were adults emerged ~2-3 wks later (Chen et al.
2011).
3.3.3. Olfactometer Choice Tests

Behavioral assays were performed using a Sigma Scientific, Clean Air Delivery
System Olfactometer. The machine is equipped with two 40-micron mini air filters that
remove all liquid and solid particulates. After passing through regulatory components
that depressurize incoming air, the airflow is separated into 4 even streams, and passed
through individual scrubbing cartridges consisting of acid washed granular activated
carbon. Behavioral assays were performed in two 19/22 medium length ground joint
glass y-tubes, with 18 mm by 100 mm glass odor chambers attached to either extending

arm. Airflow was set at a low rate of 0.1 L/min so midges could travel in the apparatus
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without being overwhelmed by air velocity, with ~35% relative humidity and a
temperature of 25 + 2 C. To control for directional bias, y-tubes were flipped between
each replicate and broccoli tissue/cotton rolls were discarded and replaced after 5 uses.

Experiments tested the frequency at which midges avoid host plants when
treated with one of 15 non-host odors (detailed in table 1). Midges were given 5
minutes to make a choice between a host plant meristem with a 1% dilute concentration
of an essential oil applied to a cotton roll and a host plant meristem with a cotton roll
treated with water. Recorded behaviors included: 1) choosing treated arm, 2) choosing
untreated arm, 3) no choice, or 4) stress (midges rolled on their backs and shook their
extremities). Thirty midges were tested for each essential oil treatment. We used
binomial exact tests to ask whether non-host essential oils change the expected
frequencies of these behaviors for each treatment.
3.3.4. Physicochemical Similarity and Choosing

ChemMineR is an R package that analyzes the degree of similarity between
compounds based on their physicochemical characteristics (Cao et al., 2008). The
package uses atom path analysis (Smith et al. 1985; Chen and Reynolds 2002) to
computationally split compounds into constituent atom pairs and sequences, calculating
the lengths of shortest bond paths between atoms. Similarity is calculated as the
fraction of shared atom pairs between user specified compounds [see Smith et al.
(1985) for foundational work on the algorithm], following the similar property principle
- similar chemical structures should have similar physicochemical properties and

biological activities.
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Since swede midge are specialized on Brassica oleraceae, and odor perception
depends on the physical and chemical properties of odors (Kim, 2013), we compared
the odor profiles of each of the essential oils to 4 isothiocyanate compounds (allyl
isothiocyanate, benzyl-isothiocyanate, 3-methylthio-propyl- isothiocyanate, and n-
butyl-isothiocyanate) that female midges are known to detect for host acceptance
(Molnar et al. 2018). Compounds present in each of the essential oil treatments were
identified using an online database (Kumari et al. 2014) and cross-referenced against
PubChem using a python script that transmitted compound identifiers (ranging from 3-
9 digits in length) in exchange for chemical fingerprints (Kim et al. 2016).

Similarity comparisons were performed using the default Tanimoto similarity
coefficient (Smith et al. 1985; Chen and Reynolds 2002; Cao et al. 2008), as part of the
ChemmineR pipeline. The physicochemical similarity values between compounds in
each set of non-host odors to the 4 behaviorally active host odors were stored for the
essential oils, averaged, and used in binomial logistic regressions to test whether
physicochemical similarity of non-host odors to behaviorally-active host odors
influences the frequency of behavioral responses of swede midge. Physicochemical
similarity was used as the independent factor and frequency of the behaviors [coded as
a binary (yes/no) variable] the response for logistic regressions testing whether the
frequency of recorded behaviors is correlated to physicochemical similarity.

3.4. Results
Midges more frequently chose the untreated arm of the y-tube in nearly all

treatments except wormwood, wintergreen, niaouli, lemongrass, and star anise (p-
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values from binomial exact tests shown on Figure 1a). Therefore, the majority of the
plant essential oils were repellent to the midges. However, we also found that plant
essential oils varied in their impact on the midges. In some cases, the essential oil
treatments caused a stress response where midges would roll over and shake their
extremities. For example, cinnamon bark caused stress in every trial but wormwood,
thyme, and lemongrass caused stress in less than half of the replicates (Figure 1b).

Results from binomial logistic regressions indicated that physicochemical
similarity of non-host volatiles to the 4 behaviorally active isothiocyanate compounds
was significantly associated with the probability midges would choose the control (SE
=0.4866, z = 9.000, P < 0.05) or treatment (SE = 0.4476, z=9.042, P <0.05) arms of
the y-tube. When more similar odors were paired with the control, specifically oregano
[physicochemical similarity (PS) = 0.5513], cinnamon (PS = 0.5986), star anise (PS =
0.6972), and spearmint (PS = 0.8580), midges were less likely to choose either arm
(Figures 2a,b, for control and treatment, respectively) and more likely to not make a
choice (Figure 2c). Finally, odors less similar to brassica volatiles, caraway (PS =
0.2192), wormwood (PS = 0.2858), wintergreen (PS = 0.3269), and marjoram (PS =
0.3455), were more likely to cause stress in the midges (Figure 2d).

3.5. Discussion

Physicochemical similarity plays an important role in altering host-searching
behavior of swede midge in an olfactometer. Midges were less likely to choose the
treated or untreated arm and more likely to not respond when odors that were more

physicochemically similar to host odors were used. Odors that were less similar to
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brassica volatiles were also more likely to stress the midges. Our work is the first
attempt at repelling swede midge using non-host odors and also to argue
physicochemical similarity of non-host odors to a specialist’s host as a repellency
index.

Non-host odors that are more similar to brassica odors were more likely to cause
swede midge to not seek their host. This could be due to a masking effect (Parker et al.
2013; Deletre et al. 2016), whereby the structurally similar compounds interfered with
the reception of brassica volatiles by female midges in the y-tube. For example,
spearmint volatiles consist of alpha-pinene, beta-pinene, linalool, myrcene, limonene,
1,8-cineole, menthol, carvone, and caryophyllene, and physicochemically, the blend is
most similar to the behaviorally active brassica volatiles (PS = 0.8580). More than 60%
of midges did not respond to either the treatment or control when in the presence of
spearmint, possibly because the similar compounds interfered with the recognition of
host volatiles. Also, midges were most likely to choose the control arm of the y-tube
when less physicochemically similar odors were used as the treatment (Figures 2a,b)
indicating that less similar odors are more frequently avoided.

Ovipositing on the wrong plant incurs fitness costs as offspring emerge on plants
they cannot consume (Ibba et al. 2010). As adults, phytophagous specialists must find
suitable habitat for offspring survival (Bruce et al. 2005) and this steep selection curve
has, without question, influenced the evolution of the olfactory system of specialists
making it more specific (Linz and Baschwitz 2013). Although many miscellaneous

odors are produced from Brassica oleraceae, those most frequently associated with

173



host-acceptance are the isothiocyanate derivatives now known to activate a processed
response in swede midge (Molnar et al. 2018). Since true repellency is defined as a
directed movement away from an odor without an insect making physical contact with
the odor source (Deletre et al. 2016), it would be interesting to test whether the
frequently avoided non-host odors (i.e. thyme, marjoram, garlic, eucalyptus, eucalyptus
lemon, cinnamon, and caraway; Figure 1a) are specifically processed by swede midge.

Midges avoided the treated arm of the y-tube in nearly all test groups, but
Artemisia vulgaris (wormwood), Cymbopogon flexuosus (lemongrass), and Illicium
verum (star anise) were consistently preferred even though they frequently caused a
stress response (Figures 1a,b). The volatile profile of wormwood consists of 8
compounds: myrcene; sabinene; linalyl acetate; alpha-thujone; beta-thujone; trans-
sabinol; trans-sabinyl acetate; geranyl propionate, lemongrass consists of 8 compounds:
myrcene; citronellal; geranyl acetate; nerol; geraniol; neral; limonene; citral, while
anise volatiles contain 9: alpha-pinene; camphene; beta-pinene; linalool; cis-anethole;
trans-anethole; safrole; anisaldehyde; acetoanisole. Physicochemically, these volatile
profiles each differ from brassica volatiles by strikingly different values: 0.2858524,
0.4592278, and 0.6072429 for wormwood, lemongrass, and star anise, respectively
(Figure 3), so it is unclear why these odors had a similar effect on female midges in our
assays. Also, while wormwood and lemongrass both contain myrcene, the rest of the
odor profiles are unique to each species.

Plant essential oils vary greatly in composition and quantity of odors and are

known to be effective against a wide range of agricultural pests (Regnault-Roger 1997;
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Regnault-Roger et al. 2012). For example, Carum carvi (caraway) repels Anopheles
dirus, Eucalyptus globulus (eucalyptus) repels Mayetiola destructor, and Lavandula
angustifolia (lavender) repels Resseliella oculiperda (Bakkali et al. 2008), but essential
oils are still underutilized in agriculture because identifying repellents for a specific
insect requires controlled testing for each species. Continued development of a
repellency index would improve sustainable pest management because essential oils are
naturally derived compounds with minimal environmental impact (Regnault-Roger
1997; Nerio et al. 2010; Regnault-Roger et al. 2012).

Swede midge management has improved since it first invaded (Chen et al.
2011), but organic vegetable growers are still experiencing losses due to its damage.
Since a single larva can render crops unmarketable, repelling females from host plants
is an important avenue to study for their management. Also, the fact that multiple odors
were successful at repelling swede midge is reassuring because evidence suggests that
insects are able to learn and adjust behavioral responses when in the presence of false
ecological signals (Barbarossa et al. 2007). Based on our results, repellency is a viable
tactic for organic management of swede midge, and physicochemical similarity of non-
host odors to a specialists host could provide insight toward repelling specialist pests of

other crops.

175



3.6. Figures
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Figure 9: Responses of female swede midge to brassica meristems with 1 mL of 1% diluted
essential oils (treated) or 1 mL of deionized water (untreated). P values represent the results from
binomial exact tests, with values on the left indicating that the treated arm was chosen more
frequently and values on the right indicating the control was more frequently preferred. Whiskers
represent standard error.
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Figure 10: Number of female swede midge that were stressed (bottom bars) or did not respond (top
bars) to brassica meristems with 1 mL of 1% diluted essential oils (treated) or 1 mL of deionized
water (untreated). Whiskers represent standard error.
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Physicochemical Similarity to Brassica Volatiles
Figure 11: Negative binomial regression showing the likelihood that female swede midge will

choose the untreated arm of the y-tube in the presence of non-host odors with increasing
physicochemical similarity to brassica volatiles.
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Figure 12: Negative binomial regression showing the likelihood that female swede midge will
choose the treated arm of the y-tube in the presence of non-host odors with increasing
physicochemical similarity to brassica volatiles.
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Figure 13: Negative binomial regression showing the likelihood that female swede midge will not
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choose either arm of the y-tube in the presence of non-host odors with increasing physicochemical
similarity to brassica volatiles.
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Physicochemical Similarity to Brassica Volatiles
Figure 14: Negative binomial regression showing the likelihood that female swede midge will

experience stress in the presence of non-host odors with increasing physicochemical similarity to
brassica volatiles.
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Figure 15: Physicochemical similarity values of essential oil odors to brassica volatiles.
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Plant

Peppermint
Marjoram
Wormwood
Broccoli
Wintergreen
Thyme
Caraway
Eucalyptus
Star Anise
Oregano

Spearmint
Eucalyptus

Lemon
Lemongrass
Cinnamon
Garlic
Niaouli
Cassia
Rosemary

Coriander

Table 4: Common name, species, and plant family for essential oils, and their

3.7. Tables

physicochemical similarity to behaviorally active brassica odors.

Species
Mentha x piperita

Origanum jaoranum
Artemisia vulgaris

Brassica oleraceae

Gaultheria procumbens

Thymus vulgaris
Carum carvi
Eucalyptus globulus
Lllicium verum
Origanum vulgare
Mentha spicata

Corymbia citriodora

Cymbopogon flexuosus

Cinnamomum verum

Allium sativum

Melaleuca quinquenervia

Cassia auriculata
Rosmarinus officinalis

Coriandrum sativum

Family

Lamiaceae
Lamiaceae
Asteraceae
Brassicaceae
Ericaceae
Lamiaceae
Apiaceae
Myrtaceae
Schisandraceae
Lamiaceae

Lamiaceae

Myrtaceae
Poaceae
Lauraceae
Amaryllidaceae
Myrtaceae
Fabaceae
Lamiaceae

Apiaceae
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similarity
0.4161

0.4180
0.3815
0.0000
0.4018
0.4593
0.3516
0.4541
0.6844
0.4985
0.6550

0.4446

0.4609
0.5289
0.4924
0.4927
0.4876
0.4796
0.4529
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RMarkdown

code folding: hide
output:
knitrBootstrap::bootstrap document:
theme: spacelab
highlight: sunburst
theme.chooser: TRUE
highlight.chooser: TRUE

##Physicochemical similarity and olfactometer choices
###Chase Stratton and Yolanda Chen

Built with 'r getRversion()’

R Notebook containing summary figures and statistical analyses for Chapter 2 of
Dissertation - Behavioral Assays

#Research Questions:

1. Do essential oils influence female host-seeking behavior?

2. Does phylogenetic relatedness explain the variation we see?
3. Does physicochemical similarity explain the variation we see?

The strangest odors incite the strongest response
" {r unwarns,echo=FALSE}

options(warn = -1)

" {r setup,include=FALSE}

knitr::opts_chunk$set(echo = FALSE)

olfactometer = read.csv("~/Desktop/SwedeMidge/manuscripts/20170615-ms-
chapter2/data/20181113-olfactometer-choice.csv")

attach(olfactometer)

" {r packages,echo=F,message=F}
library(knitr)
library(kableExtra)
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#library(car)

library(scatterplot3d)
library(sandwich)

library(msm)

library(MASS)

library(ggplot2)

library(gridExtra)

library(popbio)

#library(plotly)

#library(dplyr)
options(knitr.table.format = "html")
theme set(theme gray(base size = 16))

Y {r figure df setup}
#head(olfactometer)

treat_choice = tapply(Choice_treat, Treatment, sum,na.rm=T)
con_choice = tapply(Choice con, Treatment, sum,na.rm=T)
no_choice = tapply(NR, Treatment, sum,na.rm=T)

stress = tapply(Stress, Treatment, sum,na.rm=T)

olfact branches = tapply(branches, Treatment,mean,na.rm=T)
olfact matK = tapply(matK, Treatment,mean,na.rm=T)

olfact matK rbcL = tapply(matK rbcL,Treatment,mean,na.rm=T)
olfact similar = tapply(similarity, Treatment,mean,na.rm=T)

olfact treats = unique(Treatment)

olfact df = data.frame(Plant = c("Peppermint",
"Marjoram",
"Wormwood",
"Wintergreen",
"Thyme",
"Caraway",
"Eucalyptus",
"Anise",
"Oregano",
"Spearmint",
"EucalLemon",
"Lemongrass",
"Cinnamon",
"Garlic",
"Niaouli"),

Family = c¢("Lamiaceae",

"Lamiaceae",
"Asteraceac",
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"Ericaceae",
"Lamiaceae",
"Apiaceae",
"Myrtaceae",
"Schisandraceae",
"Lamiaceae",
"Lamiaceae",
"Myrtaceae",
"Poaceae",
"Lauraceae",
"Amaryllidaceae",
"Myrtaceae"),
cbind(treat choice,

con_choice,

no_choice,

stress,

olfact branches,

olfact matK,

olfact matK rbcL,

olfact similar)

###Negative binomial regressions - statistically testing our hypotheses

Teasing out whether the data are worth anything.

" {r models_1}
summary(ml <- glm.nb(Choice con ~ similarity*Experiment-1,
data = olfactometer))

summary(ml <- glm(Choice con ~ similarity*Experiment-1,
family = "binomial",
data = olfactometer))

summary(ml <- glm.nb(Choice con ~ similarity-1,
data = olfactometer))

summary(ml <- glm(Choice con ~ similarity-1,
family = "binomial",
data = olfactometer))

summary(ml <- glm.nb(Choice_treat ~ Treatment-1,
data = olfactometer))
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summary(ml <- glm(Choice_treat ~ Treatment-1,
family = "binomial",
data = olfactometer))

summary(ml <- glm.nb(Choice con ~ Treatment-1,
data = olfactometer))

summary(ml <- glm(Choice con ~ Treatment-1,
family = "binomial",
data = olfactometer))

data.frame(coef(m1))

summary(m?2 <- glm(olfact matK rbcL ~ olfact similar-1,
data = olfactometer))

summary(m3 <- Im(olfact matK rbcL ~ olfact similar-1,
data = olfactometer))

Y {r tmp_plot}
plot(unique(olfact matK rbcL)~unique(olfact similar))

U {r stress_test}

summary(ml <- glm.nb(Stress ~ Treatment-1,
data = olfactometer))

data.frame(coef(m1))

summary(ml <- glm.nb(NR ~ Treatment-1,
data = olfactometer))
data.frame(coef(m1))

They are, but we need to delve a bit farther.

" {r models_2}

summary(ml <- glm.nb(treat_choice ~ olfact branches-1,
data = olfact_df))

summary(m?2 <- glm.nb(treat choice ~ olfact matK-1,
data = olfact_df))

summary(m3 <- glm.nb(treat choice ~ olfact matK rbcL-1,
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data = olfact_df))
summary(m4 <- glm.nb(treat_choice ~ olfact similar-1,
data = olfact_df))

summary(m5 <- glm.nb(con_choice ~ olfact branches-1,
data = olfact_df))

summary(mé6 <- glm.nb(con_choice ~ olfact matK-1,
data = olfact_df))

summary(m7 <- glm.nb(con_choice ~ olfact matK rbcL-1,
data = olfact_df))

summary(m8 <- glm.nb(con_choice ~ olfact similar-1,
data = olfact_df))

summary(m9 <- glm.nb(con_choice*treat choice~olfact branches-1,
data = olfact_df))
summary(m10 <- glm.nb(con_choice * treat _choice ~ olfact matK-1,
data = olfact_df))
summary(ml1 <- glm.nb(con_choice * treat choice ~ olfact matK rbcL-1,
data = olfact_df))
summary(m12 <- glm.nb(con_choice*treat choice~olfact similar-1,
data = olfact_df))

These values represent the various degrees of influence the odors have on midges
observed during our experiments.

" {r switch_dats1}
detach(olfactometer)
attach(olfact_df)

###Binomial tests for y-tube assay data - how do these odors influence swede midge
behavior? And stats to verify.

**{r binom_tests}

pepp_fail = sum(treat choice[Plant=="Peppermint"],
no_choice[Plant=="Peppermint"])

pepp_succ = con_choice[Plant=="Peppermint"]

marj_fail = sum(treat choice[Plant=="Marjoram"],

no_choice[Plant=="Marjoram"])
marj_succ = con_choice[Plant=="Marjoram"]
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worm_fail = sum(treat_choice[Plant=="Wormwood"],
no_choice[Plant=="Wormwood"])
worm_succ = con_choice[Plant=="Wormwood"]

wtgr fail = sum(treat choice[Plant=="Wintergreen"],
no_choice[Plant=="Wintergreen"])
wtgr succ = con_choice[Plant=="Wintergreen"]

thym_fail = sum(treat_choice[Plant=="Thyme"],
no_choice[Plant=="Thyme"])
thym_succ = con_choice[Plant=="Thyme"]

cara_fail = sum(treat choice[Plant=="Caraway"],
no_choice[Plant=="Caraway"])
cara_succ = con_choice[Plant=="Caraway"]

euca_fail = sum(treat choice[Plant=="Eucalyptus"],
no_choice[Plant=="Eucalyptus"])
euca_succ = con_choice[Plant=="Eucalyptus"]

anis_fail = sum(treat choice[Plant=="Anise"],
no_choice[Plant=="Anise"])
anis_succ = con_choice[Plant=="Anise"]

oreg_fail = sum(treat choice[Plant=="Oregano"],
no_choice[Plant=="Oregano"])
oreg_succ = con_choice[Plant=="Oregano"|

spmt fail = sum(treat choice[Plant=="Spearmint"],
no_choice[Plant=="Spearmint"])
spmt_succ = con_choice[Plant=="Spearmint"]

eule fail = sum(treat choice[Plant=="Eucal.emon"],
no_choice[Plant=="EucalLemon"])
eule succ = con_choice[Plant=="EucalLemon"]

Imgr fail = sum(treat choice[Plant=="Lemongrass"],
no_choice[Plant=="Lemongrass"])
Imgr succ = con_choice[Plant=="Lemongrass"]

cinn_fail = sum(treat_choice[Plant=="Cinnamon"],
no_choice[Plant=="Cinnamon"])
cinn_succ = con_choice[Plant=="Cinnamon"]

grlc fail = sum(treat choice[Plant=="Garlic"],
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no_choice[Plant=="Garlic"])
grlc_succ = con_choice[Plant=="Garlic"]

niao_fail = sum(treat choice[Plant=="Niaouli"],
no_choice[Plant=="Niaouli"])
niao_succ = con_choice[Plant=="Niaouli"]

Binomial tests using physicochemical similarity as the probability of success (choosing
the non-odor arm of y-tube)

" {r binom_weight}

pepp_bin = binom.test(c(pepp_succ,pepp_fail),p=0.3699935)
marj_bin = binom.test(c(marj_succ,marj_fail),p=0.3455022)
worm_bin = binom.test(c(worm_succ,worm_fail),p=0.2858524)
wtgr bin = binom.test(c(wtgr_succ,wtgr fail),p=0.3269861)
thym bin = binom.test(c(thym_succ,thym_fail),p=0.4541739)
cara_bin = binom.test(c(cara_succ,cara_fail),p=0.2191515)
euca_bin = binom.test(c(euca_succ,euca_fail),p=0.4433829)
anis_bin = binom.test(c(anis_succ,anis_fail),p=0.6972429)
oreg_bin = binom.test(c(oreg_succ,oreg _fail),p=0.5551259)
spmt_bin = binom.test(c(spmt_succ,spmt_fail),p=0.8579961)
eule bin = binom.test(c(eule_succ,eule fail),p=0.4187322)
Imgr bin = binom.test(c(lmgr succ,lmgr _fail),p=0.4592278)
cinn_bin = binom.test(c(cinn_succ,cinn_fail),p=0.5985686)
grlc_bin = binom.test(c(grlc_succ,grlc_fail),p=0.5509530)
niao_bin = binom.test(c(niao_succ,niao_fail),p=0.5249628)

olfact bin_exact =
data.frame(binom_stat =

c(pepp_bin$p.value,
marj_ bin$p.value,
worm_binS$p.value,
wtgr bin$p.value,
thym_binS$p.value,
cara_bin$p.value,
euca_bin$p.value,
anis_bin$p.value,
oreg_bin$p.value,
spmt_bin$p.value,
eule bin$p.value,
Imgr binS$p.value,
cinn_bin$p.value,
grlc_bin$p.value,
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niao_bin$p.value),

Plant_binom = ¢("Peppermint","Marjoram",
"Wormwood","Wintergreen","Thyme",
"Caraway","Eucalyptus",
"Anise","Oregano","Spearmint",
"EucalLemon","Lemongrass",
"Cinnamon","Garlic","Niaouli"))

olfact bin_exact

" {r binom_weight2}

pepp_bin2 = binom.test(c(pepp_fail,pepp_succ),p=0.416)
marj_bin2 = binom.test(c(marj_fail,marj succ),p=0.418)
worm_bin2 = binom.test(c(worm_fail,worm_succ),p=0.382)
wtgr bin2 = binom.test(c(wtgr fail,wtgr succ),p=0.402)
thym bin2 = binom.test(c(thym_fail,thym succ),p=0.459)
cara_bin2 = binom.test(c(cara_fail,cara_succ),p=0.352)
euca bin2 = binom.test(c(euca fail,euca succ),p=0.454)
anis_bin2 = binom.test(c(anis_fail,anis_succ),p=0.684)
oreg_bin2 = binom.test(c(oreg_fail,oreg_succ),p=0.498)
spmt_bin2 = binom.test(c(spmt_fail,spmt succ),p=0.655)
eule bin2 = binom.test(c(eule fail,eule succ),p=0.445)
Imgr bin2 = binom.test(c(Imgr_fail,Imgr succ),p=0.461)
cinn_bin2 = binom.test(c(cinn_fail,cinn_succ),p=0.529)
grlc_bin2 = binom.test(c(grlc_fail,grlc_succ),p=0.492)
niao_bin2 = binom.test(c(niao_fail,niao_succ),p=0.493)

olfact bin_exact2 =
data.frame(binom_stat =

c(pepp_bin2$p.value,
marj bin2$p.value,
worm_bin2$p.value,
wtgr bin2$p.value,
thym_bin2$p.value,
cara_bin2$p.value,
euca_bin2$p.value,
anis_bin2$p.value,
oreg_bin2S$p.value,
spmt_bin2$p.value,
eule bin2$p.value,
Imgr bin2$p.value,
cinn_bin2$p.value,
grlc_bin2$p.value,
niao_bin2$p.value),

Plant_binom2 = c¢("Peppermint","Marjoram",
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"Wormwood","Wintergreen","Thyme",
"Caraway","Eucalyptus",
"Anise","Oregano","Spearmint",
"EucalLemon","Lemongrass",
"Cinnamon","Garlic","Niaouli"))

olfact bin_exact2

These values are the most important findings from these trials.

“r figure df setup2}
olfact dat <- data.frame(
olfact_group = rep(c("Treatment",
"Control"),
each=15),
olfact stressor = rep(c("No Response",
"Stressed"),
each=15),
olfact x = rep(olfact df$Plant,2),
olfact y = c(-treat_choice,
con_choice),
olfact y2 =c(no_choice,
stress),
olfact sim = rep(olfact df$olfact similar,2),
olfact matK = rep(olfact dffolfact matK,?2),
olfact matK rbcL = rep(olfact df$olfact matK rbcL,2),
stressor_error = ¢(0.5000,0.4083,
0.5774,0.3162,
0.5000,0.2500,
0.1925,0.2582,
0.2294,0.2357,
0.2500,0.2673,
NA,NA,
0.2085,0.2582,
0.2500,0.5,
0.5000,0.3536,
0.2582,0.3333,
0.2294,0.2357,
0.2425,0.2236,
0.2294,1.0000,
0.3333,0.7071),
olfact fam = c("Lamiaceae","Lamiaceae"," Asteraceae",
"Ericaceae","Lamiaceae","Apiaceae",
"Myrtaceae","Schisandraceae","Lamiaceae",
"Lamiaceae","Myrtaceae","Poaceae",
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"Lauraceae"," Amaryllidaceae","Myrtaceae"))

write.csv(olfact_dat,file = "~/Desktop/SwedeMidge/manuscripts/20170615-ms-
chapter2/data/20180713-olfact-dat.csv")

Y {r figurel a, fig.width = 15, fig.height = 8,echo = F}

choiceCon_error = ¢(0.3660,0.3684,0.3873,
1.0163,0.4564,0.3984,
0.3789,0.7319,0.3789,
0.4317,0.3984,0.5371,
0.4317,0.4899,0.4129)

choiceTreat error = ¢(0.3727,0.3873,0.3660,
0.7319,0.4899,0.4899,
0.4317,0.4899,0.6086,
0.4899,0.4564,0.4317,
0.4564,0.4899,0.3684)

branch plot <- ggplot(olfact dat,
aes(x=olfact dat$olfact x,
y=olfact_datS$olfact vy,
fill=olfact_dat$olfact fam))

branch plot +
geom_bar(stat="identity", position="identity") +
guides(fill=guide legend(title="Plant Family")) +
theme(axis.ticks = element_blank(),
panel.grid.major = element_blank(),
panel.grid.minor = element_blank(),
panel.background = element blank())+
scale x_discrete(name="Treatment") +
scale y continuous(name="# of Insects Choosing",
limits = ¢(-25,25),
breaks = ¢(-20,-10,
0,10,20),
expand = ¢(0.5,0.5),
labels = c("-20"="20",

"-10"="10",
"0"="0",
"10"="10",
"20"="20"))+

theme(text = element_text(size = 20)) +
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theme(plot.margin=unit(c(1,2,1,1),"cm")) +
geom_errorbar(ymin=olfact dat$olfact y-
choiceTreat_error,
ymax=olfact dat$olfact y+
choiceCon_error,

width =0,
size=1.2) +
# geom_errorbar(ymin = branch_min-10,
# ymax = branch_max+10,
# color = "Black",
# width=0)+

geom_hline(yintercept=0,
linetype="dotted",
color = "black",
size=1) +
#labs(colour = "Plant Odor") +
theme(legend.key = element rect(fill=NA,
colour=NA,
size=0.25)) +
# annotate('text', #Wintergreen

# x =14,
# y=09,
# size = 5,

# label="p < 0.05") +
annotate('text’,

x = 13, #Thyme
y =13,
size = 5,

label="p < 0.05") +
# annotate('text’,
# x = 1, #Anise
# y=17,
# size = 5,
# label="p < 0.05") +
# annotate('text’,

# x =7, #Lemongrass
# y=11,
# size = 5,

# label="p < 0.05") +
annotate('text’,

x = 3, #Cinnamon

y =14,

size = 5,

label="p < 0.05") +
annotate('text’,
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x = 6, #Garlic

y =13,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 8, #Marjoram

y =23,

size = 5,

label="p < 0.05") +
annotate('text’,

x =15, #Wormwood

y =-25,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 14, #Wintergreen

y =-11,

size = 5,

label="p < 0.05") +
# annotate('text’,
# x = 13, #Thyme
# y=-13,
# size = 5,
# label="p < 0.05") +
annotate('text’,

x = 2, #Caraway

y =18,

size = 5,

label="p < 0.05") +
annotate('text’,

x =5, #Eucalyptus

y =20,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 1, #Anise
y=-11,
size = 5,

label="p < 0.05") +
annotate('text’,

x =4, #EucalLemon

y =18,

size = 5,

label="p < 0.05") +
annotate('text’,
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x =7, #Lemongrass

y =-13,

size = 5,

label="p < 0.05") +
# annotate('text’,

# x = 3, #Cinnamon
# y=-13,
# size = 5,

# label="p < 0.05") +
# annotate('text’,
# x = 6, #Garlic
# y=-13,
# size = 5,
# label="p < 0.05") +
annotate('text’,

x =9, #Niaouli

y =-19,

size = 5,

label="p < 0.05") +
annotate('text’,

x=1,

y =-25,

size = 8,

color ="red",

label="Treated") +
annotate('text’,

x=1,
y =25,
size = 8,

color = "black",

label="Untreated") +
# scale fill grey()+
coord_flip()

“*{r horiz_bar matK, , fig.width = 15, fig.height = 8,echo = F}
olfact dat2 = read.csv("~/Desktop/SwedeMidge/manuscripts/20170615-ms-
chapter2/data/20180713-olfact-dat.csv")

olfact matK df = olfact dat2[order(factor(olfact dat2$olfact matK)),]

# levels(olfact matK dffolfact x) =

olfact matK dfS$olfact x[order(olfact matK df$olfact matK)]
#

# levels(olfact matK dffolfact y) =
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olfact matK dfS$olfact y[order(olfact matK df$olfact matK)]

#

# levels(olfact matK df) = olfact matK dfforder(olfact matK df$olfact matK),]

#

# olfact matK df$olfact matK = factor(olfact matK df$olfact matK,

# levels =

olfact matK df$olfact matK[order(olfact matK df$olfact matK)])

# #attach(olfact matK df)

# olfact matK df2 = with(olfact dat2,olfact dat2[order(olfact dat2$olfact matK),])

# olfact plot2 <- ggplot(data = olfact matK df,

# aes(x=olfact x[order(olfact matK)],
# y=olfact y[order(olfact matK)],
# fill=olfact fam[order(olfact matK)]))

olfact plot2 <- ggplot(olfact matK df,
aes(x=reorder(olfact x,olfact matK),
y=olfact y[order(olfact matK)],
fill=reorder(olfact fam,olfact matK)))

olfact plot2 +
geom_bar(stat="identity", position="identity") +
guides(fill=guide legend(title="Plant Family")) +
theme(axis.ticks = element_blank(),
panel.grid.major = element_blank(),
panel.grid.minor = element blank(),
panel.background = element blank())+
scale x discrete(name="Treatment (ordered by matK)") +
scale y continuous(name="# of Insects Choosing",
limits = ¢(-20,20),
breaks = ¢(-20,-10,
0,10,20),
expand = ¢(0.5,0.5),
labels = c("-20"="20",

"-10"="10",
"0"="0",
"10"="10",
"20"="20"))+

theme(text = element_text(size = 20)) +
theme(plot.margin=unit(c(1,2,1,1),"cm")) +
# geom_errorbar(ymin = branch_min-10,

# ymax = branch_max+10,
# color = "Black",
# width=0)+

geom_hline(yintercept=0,
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linetype="dotted",
color = "black",
size=1) +

#labs(colour = "Plant Odor") +

theme(legend.key = element rect(fill=NA,

colour=NA,
size=0.25)) +
annotate('text', #Wintergreen

x =4,
y=9,
size = 5,

label="p < 0.05") +
annotate('text’,

x =11, #Thyme
y =13,
size = 5,

label="p < 0.05") +
annotate('text’,

x =7, #Anise

y=1,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 15, #Lemongrass

y=11,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 8, #Cinnamon

y =14,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 14, #Garlic

y =13,

size = 5,

label="p < 0.05") +
annotate('text’,

x =5, #Wormwood

y = -20,

size = 5,

label="p < 0.05") +
annotate('text’,

x =4, #Wintergreen

y =-11,
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size = 5,
label="p < 0.05") +
annotate('text’,

x =11, #Thyme
y=-13,
size = 5,

label="p < 0.05") +
annotate('text’,

X = 6, #Caraway

y =-13,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 1, #Eucalyptus

y =-11,

size = 5,

label="p < 0.05") +
annotate('text’,

x =7, #Anise
y= '9’
size = 5,

label="p < 0.05") +
annotate('text’,

x =2, #EucalLemon

y =-13,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 15, #Lemongrass

y =-13,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 8, #Cinnamon

y =-13,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 14, #Garlic

y =-13,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 3, #Niaouli

y =-19,
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size = 5,

label="p < 0.05") +
annotate('text’,

x=1,

y =-20,

size = 8,

color = "red",

label="Treated") +
annotate('text’,

x=1,
y =20,
size = 8,

color = "black",
label="Untreated") +
coord_flip()

*{r horiz_bar matK rbcL, , fig.width = 15, fig.height = 8,echo = F}
olfact dat3 = read.csv("~/Desktop/SwedeMidge/manuscripts/20170615-ms-
chapter2/data/20180713-olfact-dat.csv")

olfact matK rbcLl. df = olfact dat3[order(factor(olfact dat2$olfact matK rbcLl)),]

# levels(olfact matK dffolfact x) =

olfact matK dffolfact x[order(olfact matK df$olfact matK)]

#

# levels(olfact matK df$olfact y) =

olfact matK dfS$olfact y[order(olfact matK df$olfact matK)]

#

# levels(olfact matK df) = olfact matK dfforder(olfact matK df$olfact matK),]
#

# olfact matK df$olfact matK = factor(olfact matK df$olfact matK,

# levels =

olfact matK df$olfact matK[order(olfact matK df$olfact matK)])

# #attach(olfact matK df)

# olfact matK df2 = with(olfact dat2,olfact dat2[order(olfact dat2$olfact matK),])

# olfact plot2 <- ggplot(data = olfact matK df,

# aes(x=olfact x[order(olfact matK)],
# y=olfact y[order(olfact matK)],
# fill=olfact fam[order(olfact matK)]))

olfact plot3 <- ggplot(olfact matK rbcL df,
aes(x=reorder(olfact x,olfact matK rbcL),
y=olfact y[order(olfact matK rbcL)],
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fill=reorder(olfact fam,olfact matK rbcL)))

olfact plot3 +
geom_bar(stat="identity", position="identity") +
guides(fill=guide legend(title="Plant Family")) +
theme(axis.ticks = element_blank(),
panel.grid.major = element_blank(),
panel.grid.minor = element_blank(),
panel.background = element blank())+
scale x_discrete(name="Treatment (ordered by matK rbcL)") +
scale y continuous(name="# of Insects Choosing",
limits = ¢(-20,20),
breaks = ¢(-20,-10,
0,10,20),
expand = ¢(0.5,0.5),
labels = c("-20"="20",

"-10"="10",
"0"="0",
"10"="10",
"20"="20"))+

theme(text = element_text(size = 20)) +
theme(plot.margin=unit(c(1,2,1,1),"cm")) +
# geom_errorbar(ymin = branch_min-10,

# ymax = branch_max+10,
# color = "Black",
# width=0)+

geom_hline(yintercept=0,
linetype="dotted",
color = "black",
size=1) +
#labs(colour = "Plant Odor") +
theme(legend.key = element rect(fill=NA,
colour=NA,
size=0.25)) +
annotate('text', #Wintergreen

x =4,
y=9,
size = 5,

label="p < 0.05") +
annotate('text’,

x =7, #Thyme
y =13,
size = 5,

label="p < 0.05") +
annotate('text’,

201



x = 8, #Anise

y=1,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 14, #Lemongrass

y=11,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 2, #Cinnamon

y =14,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 12, #Garlic

y =13,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 13, #Wormwood

y = -20,

size = 5,

label="p < 0.05") +
annotate('text’,

x =4, #Wintergreen

y =-11,

size = 5,

label="p < 0.05") +
annotate('text’,

x =7, #Thyme
y=-13,
size = 5,

label="p < 0.05") +
annotate('text’,

x =5, #Caraway

y =-13,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 3, #Eucalyptus

y =-15,

size = 5,

label="p < 0.05") +
annotate('text’,
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x = 8, #Anise

y=-9,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 15, #EucalLemon

y=-13,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 14, #Lemongrass

y=-13,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 2, #Cinnamon

y=-13,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 12, #Garlic

y=-13,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 1, #Niaouli

y=-8,

size = 5,

label="p < 0.05") +
annotate('text’,

x=1,

y =-20,

size = 8,

color ="red",

label="Treated") +
annotate('text’,

x=1,
y =20,
size = 8,

color = "black",
label="Untreated") +
coord_flip()

“{rhoriz_bar sim, , fig.width = 15, fig.height = 8,echo = F}
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olfact dat4 = read.csv("~/Desktop/SwedeMidge/manuscripts/20170615-ms-
chapter2/data/20180713-olfact-dat.csv")

olfact sim df = olfact dat4[order(factor(olfact dat2$olfact sim)),]

# levels(olfact matK dffolfact x) =

olfact matK dfS$olfact x[order(olfact matK df$olfact matK)]

#

# levels(olfact matK df$olfact y)=

olfact matK dfS$olfact y[order(olfact matK df$olfact matK)]

#

# levels(olfact matK df) = olfact matK dfforder(olfact matK df$olfact matK),]
#

# olfact matK df$olfact matK = factor(olfact matK df$olfact matK,

# levels =

olfact matK df$olfact matK[order(olfact matK df$olfact matK)])

# #attach(olfact matK df)

# olfact matK df2 = with(olfact dat2,olfact dat2[order(olfact dat2$olfact matK),])

# olfact plot2 <- ggplot(data = olfact matK df,

# aes(x=olfact x[order(olfact matK)],
# y=olfact y[order(olfact matK)],
# fill=olfact fam[order(olfact matK)]))

olfact plot4 <- ggplot(olfact sim_df,
aes(x=reorder(olfact x,olfact sim),
y=olfact y[order(olfact sim)],
fill=reorder(olfact fam,olfact sim)))

olfact plot4 +
geom_bar(stat="identity", position="identity") +
guides(fill=guide legend(title="Plant Family")) +
theme(axis.ticks = element_blank(),
panel.grid.major = element_blank(),
panel.grid.minor = element_blank(),
panel.background = element blank())+
scale x_discrete(name="Treatment (ordered by physicochemical similarity)") +
scale y continuous(name="# of Insects Choosing",
limits = ¢(-20,20),
breaks = ¢(-20,-10,
0,10,20),
expand = ¢(0.5,0.5),
labels = c("-20"="20",
"-10"="10",
"0"="0",
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"10"="10",

"20"="20"))+
theme(text = element_text(size = 20)) +
theme(plot.margin=unit(c(1,2,1,1),"cm")) +
# geom_errorbar(ymin = branch_min-10,

# ymax = branch_max+10,
# color = "Black",
# width=0)+

geom_hline(yintercept=0,
linetype="dotted",
color = "black",
size=1) +
#labs(colour = "Plant Odor") +
theme(legend.key = element rect(fill=NA,
colour=NA,
size=0.25)) +
annotate('text', #Wintergreen

X =3,
y=9,
size = 5,

label="p < 0.05") +
annotate('text’,

x = 8, #Thyme
y =13,
size = 5,

label="p < 0.05") +
annotate('text’,

x = 15, #Anise
y=17,
size = 5,

label="p < 0.05") +
annotate('text’,

x =9, #Lemongrass

y=11,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 13, #Cinnamon

y =14,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 10, #Garlic

y =13,

size = 5,

205



label="p < 0.05") +
annotate('text’,

x =2, #Wormwood

y =-20,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 3, #Wintergreen

y=-11,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 8, #Thyme
y=-13,
size = 5,

label="p < 0.05") +
annotate('text’,

x = 1, #Caraway

y =-10,

size = 5,

label="p < 0.05") +
annotate('text’,

x =7, #Eucalyptus

y=-15,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 15, #Anise
y= '9’
size = 5,

label="p < 0.05") +
annotate('text’,

x = 6, #EucalLemon

y=-13,

size = 5,

label="p < 0.05") +
annotate('text’,

x =9, #Lemongrass

y=-13,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 13, #Cinnamon

y=-13,

size = 5,
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label="p < 0.05") +
annotate('text’,

x = 10, #Garlic

y =-13,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 11, #Niaouli

y =-19,

size = 5,

label="p < 0.05") +
annotate('text’,

x=1,

y = -20,

size = 8,

color = "red",

label="Treated") +
annotate('text’,

x=1,

y =20,

size = 8,

color = "black",

label="Untreated") +
coord_flip()

Y {r figure2_a, fig.width = 15, fig.height = 8,echo = F}
# stress_error = ¢(0.4083,0.3162,0.2500,
0.2582,0.2357,0.2673,

NA,0.2582,0.5,

0.3536,0.3333,0.2357,
0.2236,1.0000,0.7071)

noResponse_error = ¢(0.5000,0.5774,0.5000,
0.1925,0.2294,0.2500,
NA,0.2085,0.2500,
0.5000,0.2582,0.2294,
0.2425,0.2294,0.3333)

FHoFH H H H H HH H

branch plot <- ggplot(olfact dat,
aes(x=olfact dat$olfact x,
y=olfact dat$olfact y2,
fill=olfact_dat$olfact fam))

branch plot +
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geom_bar(stat="identity",
position="identity") +
facet grid(olfact stressor~.)+
guides(fill=guide legend(title="Plant Family")) +
theme(axis.ticks = element_blank(),
panel.grid.major = element_blank(),
panel.grid.minor = element blank(),
panel.background = element blank())+
scale x_discrete(name="Treatment") +
theme(axis.text.x = element_text(angle = 90)) +
scale y continuous(name="Number of Insects",
limits = ¢(0,35),
breaks = ¢(0,5,10,
15,20,25,
30))+
theme(text = element_text(size = 20)) +
theme(plot.margin=unit(c(1,2,1,1),"cm")) +
geom_errorbar(ymin=olfact dat$olfact y2-
olfact dat$stressor error,
ymax=olfact dat$olfact y2+
olfact dat$stressor error,

width =0,
size=1.2) +
# geom_errorbar(ymin = branch_min-10,
# ymax = branch_max+10,
# color = "Black",
# width=0)+

geom_hline(yintercept=0,
linetype="dotted",
color = "black",
size=1) +
#labs(colour = "Plant Odor") +
theme(legend.key = element rect(fill=NA,
colour=NA,
size=0.25))#+
# annotate('text', #Wintergreen

# x =14,
# y=09,
# size = 5,

# label="p < 0.05") +
# annotate('text’,

x =13, #Thyme

y =13,

size = 5,

label="p < 0.05") +

= H H
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# annotate('text’,

# x = 1, #Anise

# y=17,

# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x =7, #Lemongrass
# y=11,
# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x = 3, #Cinnamon
# y =14,
# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x = 6, #Garlic

# y=13,

# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x =15, #Wormwood
# y =-20,

# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x = 14, #Wintergreen
# y=-11,

# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x = 13, #Thyme

# y=-13,

# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x = 2, #Caraway

# y=-13,

# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x =5, #Eucalyptus
# y=-15,

# size = 5,

#

label="p < 0.05") +
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# annotate('text’,

# x = 1, #Anise

# y=-9,

# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x =4, #EucalLemon
# y=-13,
# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x =7, #Lemongrass
# y=-13,
# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x = 3, #Cinnamon
# y=-13,
# size = 5,

# label="p < 0.05") +
# annotate('text’,
# x = 6, #Garlic
# y=-13,
# size = 5,
# label="p < 0.05") +
# annotate('text’,
# x =9, #Niaouli
# y=-19,
# size = 5,
# label="p < 0.05") +
# annotate('text’,
x=1,
y =50,
size = §,
color = "red",
label="No Response") +
annotate('text’,
x=1,
y =40,
size = §,
color = "black",
label="Stressed") +
# scale fill grey()+
# coord_flip()

FoFH H O H H H H H H R
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“{r horiz_bar2 matK, , fig.width = 15, fig.height = §,echo = F}
olfact dat2 = read.csv("~/Desktop/SwedeMidge/manuscripts/20170615-ms-
chapter2/data/20180713-olfact-dat.csv")

olfact matK df = olfact dat[order(factor(olfact dat$olfact matK)),]

# levels(olfact matK dffolfact x) =

olfact matK dffolfact x[order(olfact matK df$olfact matK)]

#

# levels(olfact matK df$olfact y) =

olfact matK dfS$olfact y[order(olfact matK df$olfact matK)]

#

# levels(olfact matK df) = olfact matK dfJorder(olfact matK df$olfact matK),]
#

# olfact matK df$olfact matK = factor(olfact matK df$olfact matK,

# levels =

olfact matK df$olfact matK[order(olfact matK df$olfact matK)])

# #attach(olfact matK df)

# olfact matK df2 = with(olfact dat2,olfact dat2[order(olfact dat2$olfact matK),])

# olfact plot2 <- ggplot(data = olfact matK df,

# aes(x=olfact x[order(olfact matK)],
# y=olfact y[order(olfact matK)],
# fill=olfact fam[order(olfact matK)]))

olfact plot2 <- ggplot(olfact matK df,
aes(x=reorder(olfact x,
olfact matK),
y=olfact y2,
fill=factor(olfact matK)))

olfact plot2 +
geom_bar(stat="identity", position="identity") +
facet grid(olfact stressor~.)+
guides(fill=guide legend(title="matK Distance")) +
theme(axis.ticks = element_blank(),
panel.grid.major = element_blank(),
panel.grid.minor = element blank(),
panel.background = element blank())+
scale x_discrete(name="Treatment") +
theme(axis.text.x = element_text(angle = 90)) +
scale y continuous(name="Number of Insects",
limits = ¢(0,35),
breaks = ¢(0,5,10,
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15,20,25,
30))+
theme(text = element_text(size = 20)) +
theme(plot.margin=unit(c(1,2,
L1),
"cm")) +
geom_errorbar(ymin=olfact matK df$olfact y2-
olfact matK df$stressor error,
ymax=olfact matK df$olfact y2+
olfact matK dfSstressor error,

width =0,
size=1.2) +
# geom_errorbar(ymin = branch_min-10,
# ymax = branch_max+10,
# color = "Black",
# width=0)+

geom_hline(yintercept=0,
linetype="dotted",
color = "black",
size=1) +
#labs(colour = "Plant Odor") +
theme(legend.key = element rect(fill=NA,
colour=NA,
size=0.25))#+
# annotate('text', #Wintergreen

# x =14,
# y=09,
# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x = 13, #Thyme

# y=13,

# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x = 1, #Anise

# y=17,

# size = 5,

# label="p < 0.05") +
# annotate('text',

# x =7, #Lemongrass
# y=11,
# size = 5,

# label="p < 0.05") +
# annotate('text’,
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# x = 3, #Cinnamon
# y =14,

# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x = 6, #Garlic

# y=13,

# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x =15, #Wormwood
# y =-20,

# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x = 14, #Wintergreen
# y=-11,

# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x = 13, #Thyme

# y=-13,

# size = 5,

# label="p < 0.05") +
# annotate('text',

# x = 2, #Caraway

# y=-13,

# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x =5, #Eucalyptus
# y=-15,

# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x = 1, #Anise

# y=-9,

# size = 5,

# label="p < 0.05") +
# annotate('text',

# x =4, #EucalLemon
# y=-13,

# size = 5,

# label="p < 0.05") +
# annotate('text’,
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x =7, #Lemongrass

y=-13,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 3, #Cinnamon

y=-13,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 6, #Garlic
y=-13,
size = 5,

label="p < 0.05") +
annotate('text’,

x =9, #Niaouli

y=-19,

size = 5,

label="p < 0.05") +
annotate('text’,

x=1,

y =50,

size = §,

color = "red",

label="No Response") +
annotate('text’,

x=1,

y =40,

size = §,

color = "black",

label="Stressed") +
# scale fill grey()+
# coord_flip()

B ST T S s S S~ i s o s s S R S ST T I S s S~ i s i e s i S s S s R s S

“*{r horiz_bar2 matK rbcL, , fig.width = 15, fig.height = 8,echo = F}
olfact dat3 = read.csv("~/Desktop/SwedeMidge/manuscripts/20170615-ms-
chapter2/data/20180713-olfact-dat.csv")

olfact matK rbcl. df = olfact dat[order(factor(olfact dat$olfact matK rbcL)),]

# levels(olfact matK dffolfact x) =

olfact matK dfS$olfact x[order(olfact matK df$olfact matK)]
#

# levels(olfact matK dffolfact y) =
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olfact matK dfS$olfact y[order(olfact matK df$olfact matK)]

#

# levels(olfact matK df) = olfact matK dfforder(olfact matK df$olfact matK),]

#

# olfact matK df$olfact matK = factor(olfact matK df$olfact matK,

# levels =

olfact matK df$olfact matK[order(olfact matK df$olfact matK)])

# #attach(olfact matK df)

# olfact matK df2 = with(olfact dat2,olfact dat2[order(olfact dat2$olfact matK),])

# olfact plot2 <- ggplot(data = olfact matK df,

# aes(x=olfact x[order(olfact matK)],
# y=olfact y[order(olfact matK)],
# fill=olfact fam[order(olfact matK)]))

olfact plot3 <- ggplot(olfact matK rbcL df,
aes(x=reorder(olfact x,
olfact matK rbcL),
y=olfact y2,
fill=reorder(olfact matK rbcL,
olfact matK rbcL)))

olfact plot3 +
geom_bar(stat="identity", position="identity") +
facet grid(olfact stressor~.)+
guides(fill=guide legend(title="matK/rbcL Distance")) +
theme(axis.ticks = element_blank(),
panel.grid.major = element_blank(),
panel.grid.minor = element blank(),
panel.background = element blank())+
scale x_discrete(name="Treatment") +
theme(axis.text.x = element_text(angle = 90)) +
scale y continuous(name="Number of Insects",
limits = ¢(0,35),
breaks = ¢(0,5,10,
15,20,25,
30))+
theme(text = element_text(size = 20)) +
theme(plot.margin=unit(c(1,2,
1,1),
"cm")) +
geom_errorbar(ymin=olfact matK rbcL df$
olfact y2-
olfact matK rbcL df$
stressor_error,
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ymax=olfact matK rbcL._df$
olfact y2+
olfact matK rbcL_df$
stressor_error,

width =0,
size=1.2) +
# geom_errorbar(ymin = branch_min-10,
# ymax = branch_max+10,
# color = "Black",
# width=0)+

geom_hline(yintercept=0,
linetype="dotted",
color = "black",
size=1) +
#labs(colour = "Plant Odor") +
theme(legend.key = element rect(fill=NA,
colour=NA,
size=0.25))#+
# annotate('text', #Wintergreen

# x =14,
# y=09,
# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x = 13, #Thyme

# y=13,

# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x = 1, #Anise

# y=17,

# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x =7, #Lemongrass
# y=11,
# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x = 3, #Cinnamon
# y =14,
# size = 5,

# label="p < 0.05") +
# annotate('text’,
# X = 6, #Garlic
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y =13,

size = 5,

label="p < 0.05") +
annotate('text’,

x =15, #Wormwood

y =-20,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 14, #Wintergreen

y=-11,

size = 5,

label="p < 0.05") +
annotate('text’,

x =13, #Thyme
y=-13,
size = 5,

label="p < 0.05") +
annotate('text’,

x =2, #Caraway

y=-13,

size = 5,

label="p < 0.05") +
annotate('text’,

x =5, #Eucalyptus

y=-15,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 1, #Anise
y= '9’
size = 5,

label="p < 0.05") +
annotate('text’,

x =4, #EucalLemon

y=-13,

size = 5,

label="p < 0.05") +
annotate('text’,

x =7, #Lemongrass

y=-13,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 3, #Cinnamon

B ST TS S S S S s o o s S s SR R TR T T S s S s s s S ~ e s i o S S S IS T I S s S s i s s s G R T I S
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y=-13,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 6, #Garlic
y=-13,
size = 5,

label="p < 0.05") +
annotate('text’,

x =9, #Niaouli

y=-19,

size = 5,

label="p < 0.05") +
annotate('text’,

x=1,

y =50,

size = §,

color = "red",

label="No Response") +
annotate('text’,

x=1,

y =40,

size = §,

color = "black",

label="Stressed") +
# scale fill grey()+
# coord_flip()

FoH H o H O H H o H O H o O H H H oH H R

“{r horiz_bar2 sim,, fig.width = 15, fig.height = 8,echo = F}
olfact dat4 = read.csv("~/Desktop/SwedeMidge/manuscripts/20170615-ms-
chapter2/data/20180713-olfact-dat.csv")

olfact sim df = olfact dat[order(factor(olfact dat$olfact sim)),]

# levels(olfact matK dffolfact x) =

olfact matK dfS$olfact x[order(olfact matK df$olfact matK)]

#

# levels(olfact matK dffolfact y) =

olfact matK dfS$olfact y[order(olfact matK df$olfact matK)]

#

# levels(olfact matK df) = olfact matK dfforder(olfact matK df$olfact matK),]
#

# olfact matK df$olfact matK = factor(olfact matK df$olfact matK,

# levels =
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olfact matK dffolfact matK[order(olfact matK df$olfact matK)])
# #attach(olfact matK df)
# olfact matK df2 = with(olfact dat2,olfact dat2[order(olfact dat2$olfact matK),])

# olfact plot2 <- ggplot(data = olfact matK df,

# aes(x=olfact x[order(olfact matK)],
# y=olfact y[order(olfact matK)],
# fill=olfact fam[order(olfact matK)]))

olfact plot4 <- ggplot(olfact sim_df,
aes(x=reorder(olfact x,
olfact sim),
y=olfact y2,
fill=reorder(olfact sim,
olfact sim)))

olfact plot4 +
geom_bar(stat="identity", position="identity") +
facet grid(olfact stressor~.)+
guides(fill=guide legend(title="Physicochemical Similarity")) +
theme(axis.ticks = element_blank(),
panel.grid.major = element_blank(),
panel.grid.minor = element_blank(),
panel.background = element blank())+
scale x_discrete(name="Treatment") +
theme(axis.text.x = element_text(angle = 90)) +
scale y continuous(name="Number of Insects",
limits = ¢(0,35),
breaks = ¢(0,5,10,
15,20,25,
30))+
theme(text = element_text(size = 20)) +
theme(plot.margin=unit(c(1,2,
L),
"cm")) +
geom_errorbar(ymin=olfact sim_df$olfact y2-
olfact sim_dfS$stressor_error,
ymax=olfact sim_dfSolfact y2+
olfact sim_dfS$stressor error,

width =0,
size=1.2) +
# geom_errorbar(ymin = branch_min-10,
# ymax = branch_max+10,
# color = "Black",
# width=0)+
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geom_hline(yintercept=0,
linetype="dotted",
color = "black",
size=1) +
#labs(colour = "Plant Odor") +
theme(legend.key = element rect(fill=NA,
colour=NA,
size=0.25))#+
# annotate('text', #Wintergreen

# x =14,
# y=09,
# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x = 13, #Thyme

# y=13,

# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x = 1, #Anise

# y=17,

# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x =7, #Lemongrass
# y=11,
# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x = 3, #Cinnamon
# y =14,
# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x = 6, #Garlic

# y=13,

# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x =15, #Wormwood
# y =-20,

# size = 5,

# label="p < 0.05") +
# annotate('text’,

# x = 14, #Wintergreen
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y=-11,

size = 5,

label="p < 0.05") +
annotate('text’,

x =13, #Thyme
y=-13,
size = 5,

label="p < 0.05") +
annotate('text’,

x =2, #Caraway

y=-13,

size = 5,

label="p < 0.05") +
annotate('text’,

x =5, #Eucalyptus

y=-15,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 1, #Anise
y= '9’
size = 5,

label="p < 0.05") +
annotate('text’,

x =4, #EucalLemon

y=-13,

size = 5,

label="p < 0.05") +
annotate('text’,

x =7, #Lemongrass

y=-13,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 3, #Cinnamon

y=-13,

size = 5,

label="p < 0.05") +
annotate('text’,

x = 6, #Garlic
y=-13,
size = 5,

label="p < 0.05") +
annotate('text’,
x =9, #Niaouli

B ST TS S S S S s o o s S s SR R TR T T S s S s s s S ~ e s i o S S S IS T I S s S s i s s s G R T I S
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y=-19,

size = 5,

label="p < 0.05") +
annotate('text’,

x=1,

y =50,

size = §,

color = "red",

label="No Response") +
annotate('text’,

x=1,
y =40,
size = §,

color = "black",
label="Stressed") +
# scale fill grey()+

# coord_flip()

FoH H H O H H H H H H H H R

#Binomial Logistic Regression Plots
###Does the matK phylogeny describe whether midges will choose the control arm?

{r figure2, echo=FALSE}
logi.hist.plot(olfactometer$matK,
olfactometer$Choice con,
xlabel = "Phylogenetic Relatedness (matK)",
ylabel = "Pr(Choosing Control)")

Midges are a bit less likely to choose the control arm when in the presence of odors from
phylogenetically distant plants (measured using matK).

###Does the matK phylogeny describe whether midges will choose the treated arm?

{r figure3, echo=FALSE}
logi.hist.plot(olfactometer$matK,
olfactometer$Choice _treat,
xlabel = "Phylogenetic Relatedness (matK)",
ylabel = "Pr(Choosing Treatment)")

Less related plant odors (measured using matK) don't appear to have an influence on
choosing the treatment.
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###Does the matK phylogeny describe whether midges will not respond?

" {r figure4, echo=FALSE}
logi.hist.plot(olfactometer$matK,
olfactometer$NR,
xlabel = "Phylogenetic Relatedness (matK)",
ylabel = "Pr(No Response)")

Less related plant odors (measured using matK) appear more likely to cause no response.
###Does the matK phylogeny describe whether midges will be stressed?

{r figure5, echo=FALSE}
logi.hist.plot(olfactometer$matK,
olfactometer$Stress,
xlabel = "Phylogenetic Relatedness (matK)",
ylabel = "Pr(Stress)")

Less related plant odors (measured using matK) appear more likely to cause stress.

####Does the matK rbcL phylogeny describe whether midges will choose the control
arm?

" {r figure6, echo=FALSE}
logi.hist.plot(olfactometer$matK rbcL[-c(301:330)],
olfactometer$Choice con[-c(301:330)],
xlabel = "Phylogenetic Relatedness (matK rbcL)",
ylabel = "Pr(Choosing Control)")

Midges are a bit less likely to choose the control arm when in the presence of odors from
phylogenetically distant plants (measured using matK rbcL).

###Does the matK rbcL phylogeny describe whether midges will choose the treated
arm?

" {r figure7, echo=FALSE}
logi.hist.plot(olfactometer$matK rbcL[-c(301:330)],
olfactometer$Choice _treat[-c(301:330)],
xlabel = "Phylogenetic Relatedness (matK rbcL)",
ylabel = "Pr(Choosing Treatment)")
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Interestingly, midges appear to be slightly more likely to choose the treatment when it's a
less related plant odors (measured using matK rbcL).

###Does the matK _rbcL phylogeny describe whether midges will not respond?

" {r figure8, echo=FALSE}
logi.hist.plot(olfactometer$matK rbcL[-c(301:330)],
olfactometer$NR[-c(301:330)],
xlabel = "Phylogenetic Relatedness (matK rbcL)",
ylabel = "Pr(No Response)")

Less related plant odors (measured using matK rbcL) appear slightly more likely to
cause no response.

###Does the matK rbcL phylogeny describe whether midges will be stressed?

{r figure9, echo=FALSE}
logi.hist.plot(olfactometer$matK rbcL[-c(301:330)],
olfactometer$Stress[-c¢(301:330)],
xlabel = "Phylogenetic Relatedness (matK rbcL)",
ylabel = "Pr(Stress)")

Less related plant odors (measured using matK rbcL) are more likely to cause stress.

###Does compound similarity influence whether midges will choose the control arm?

" {r figure10, echo=FALSE}

logi.hist.plot(olfactometer$similarity,
olfactometer$Choice con,
xlabel = "Physicochemical Similarity to Brassica Volatiles",
ylabel = "Pr(Choosing Control)")

Midges are less likely to choose the control arm when in the presence of less similar
odors.

###Does compound similarity influence whether midges will choose the treated arm?

" {r figurel 1, echo=FALSE}

logi.hist.plot(olfactometer$similarity,
olfactometer$Choice _treat,
xlabel = "Physicochemical Similarity to Brassica Volatiles",
ylabel = "Pr(Choosing Treatment)")
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Midges are also less likely to choose the control arm when less similar odors are present.
###Does compound similarity influence whether midges will not respond?

" {r figurel2, echo=FALSE}

logi.hist.plot(olfactometer$similarity,
olfactometer$NR,
xlabel = "Physicochemical Similarity to Brassica Volatiles",
ylabel = "Pr(No Response)")

Midges are more likely to do nothing when compounds are more similar.
###Does compound similarity influence whether midges will be stressed?

" {r figurel3, echo=FALSE}
logi.hist.plot(olfactometer$similarity,
olfactometer$Stress,

xlabel = "Physicochemical Similarity to Brassica Volatiles",
ylabel = "Pr(Stress)")

Compound similarity does not appear to be associated with stress.

" {r warns,echo=FALSE}
options(warn = 0)
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CHAPTER 4: ELECTROANTENNOGRAPHY
4.1. Abstract

Repellent plant odors have the potential to reduce crop losses to pest insects
with minimal impacts on the surrounding environment. However, their utility can be
undermined if insects are capable of learning. Habituation, the simplest form of
learning, could render repellents ineffective. Previous work has identified garlic (4//ium
sativum) and eucalyptus lemon (Corymbia citriodora) as repellent to swede midge
(Diptera: Cecidomyiidae), a brassica specialist, in ovipositional and olfactometer
assays. For these odors to be effective as field treatments, their repellent activity cannot
diminish with time or previous experience. Here, we performed electroantennography
trials testing how previous experience with garlic or eucalyptus lemon essential oil
odors for one or 10 s influences swede midge’s physiological response to host
(broccoli) or non-host (garlic or eucalyptus lemon) odors. Using electroantennography,
we ask: 1) Does previous experience with garlic or eucalyptus lemon influence the
neuro-physiological response of swede midge to host or non-host odors? 2) Does the
amount of time (0, 1, or 10 s) of a previous exposure to non-host odors influence their
neuro-physiological response to host or non-host odors? Our results indicate that
following 10 s of pre-exposure to either repellent, swede midge is more responsive to
repellent odors than those of its host, suggesting that the repellent effect of garlic and

eucalyptus lemon persists through time and experience.
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4.2. Introduction

Plant essential oils contain odors that may repel insect pests with minimal
impact on the environment (Regnault-Roger 1997; Nerio et al. 2010; Regnault-Roger et
al. 2012), but it is important to consider that insects learn (Faber et al. 1999;
Cunningham et al. 2001; Barbarossa et al. 2007; Fiala 2007; Dukas 2008). Habituation,
a simple form of learning, results in the loss of the initial behavioral response to a
stimuli because the information is gradually ignored (Glanzman 2011; Twick et al.
2014; Niewalda et al. 2015). Repellency can emerge from processed information (i.e.
repellent compounds trigger brain activity) or physicochemical interactions that change
the route of behavioral stimuli (i.e. the information is not processed) (Deletre et al.
2016) but habituation occurs in either context (Moore 2004). However, it remains
unclear which non-host odors a specialist can learn to ignore novel odors, and how
much time an insect needs to experience a non-host odor to habituate.

True repellents cause a directed movement away from an odor source without
physical contact (Deletre et al. 2016) so are processed in the brain, triggering a
measurable neural response (Jefferis and Hummel 2006). Ramaswami (2014) suggests
that habituation occurs as a stepwise reduction in activity along a processed information
gradient. If truly repellent odors are ignored, the resulting synaptic activity (measured
in mV) should decrease with previous experience, and additionally, more time spent in
the presence of the odor should further decrease synaptic activity. If pest insects learn
to ignore repellents, the synaptic response from antennal stimulation should be reduced

with experience (Glanzman 2011).
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Swede midge (Contarinia nasturtii; Diptera: Cecidomyiidae) is a gall fly with
impressive antennae (see Hansson and Stensmyr 2011), equipped to handle many types
of semiochemicals. Larvae feed concealed in meristematic tissue, rendering most
pesticides ineffective for their management. As brassica specialists, their antennae are
tuned to the compounds produced by the glucosinolate-myrosinase breakdown pathway
(Renwick and Radke 1988; Fahey et al. 2001; Wittstock et al. 2003), and are
specifically responsive to allyl isothiocyanate, benzyl-isothiocyanate, 3-methylthio-
propyl- isothiocyanate, and n-butyl-isothiocyanate (Molnar et al. 2018). Known sensilla
types include sensilla circumfila (unique to this species), sensilla trichodea (likely used
for host-acceptance), sensilla coeloconica, and sensilla chaetica (putatively associated
with mechanosensory stimuli)(Boddum et al. 2010). Since a single larva can cause
marketable loss (Stratton et al. 2018), repelling gravid females is an important
mechanism to study for sustainable management of swede midge. However, for
repellents to be effective in the field, their influence on midge behavior cannot diminish
with time or experience.

Identifying true repellents is not a trivial task (Amer and Mehlhorn 2006; Liu et
al. 2006; Paluch et al. 2010; Nerio et al. 2010; Ferreira Maia and Moore 2011). Our
previous work studied the ovipositional and host acceptance behavior of a brassica
specialist (Contarinia nasturtii; Diptera: Cecidomyiidae) in the presence of non-host
essential oils. We previously found garlic and eucalyptus lemon odors to be the most
likely true repellents for swede midge, based on ovipositional (Stratton et al., in prep)

and olfactometer (Stratton et al., in prep) assays. Volatile compounds produced by
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these plants vary in both structural and chemical properties (Batish et al. 2006; Collin et
al. 2007), so are likely processed differently by swede midge. However, while we do
know that the concentrations and entire mixtures of host volatiles are important for host
acceptance by specialists (Bruce et al. 2005; Bruce and Pickett 2011), it is unclear
whether the same is true for repellent non-hosts. Regardless, if non-host odors are truly
repellent, they should produce a detectable signal in the olfactory nervous system.

To test whether gravid females can learn to ignore garlic or eucalyptus lemon
odors, we performed electroantennography (EAG) trials where swede midge had
previous experience with non-host odors. We also manipulated the time of pre-
exposure (0 s, 1 s, or 10 s) to test whether the neurophysiological response decreases
with increasing time of pre-experience. Specifically, we asked: 1) Does previous
exposure to garlic or eucalyptus lemon odors influence the neuro-physiological
response of swede midge to host or non-host odors? 2) Does the time of previous
exposure to non-host odors influence their neuro-physiological response to host or non-

host odors?

4.3. Methods

4.3.1. Volatile Collections and Analyses
Headspace volatiles were collected from ImL of each of the essential oils and 4
intact broccoli plants. Broccoli plants were grown in the UVM greenhouse at ~21 °C

with 16:8 L:D photoperiod and 45% RH until 8 true leaves had formed. Using a pull
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system, headspace odors were drawn across SuperQ traps with either garlic odors,
eucalyptus lemon odors, or broccoli plants at 1.3 L/min for 60 min. The captured
compounds were eluted using 150 mL of methylene chloride and forced through the

carbon filter using N> gas.

4.3.2. Colony Rearing

We maintained a colony of swede midge on cauliflower B. oleracea group
Botrytis ‘Snow Crown’ (Harris Seeds, Rochester, NY), using a protocol described in
Stratton et al. (2018). Briefly, fresh cauliflower plants are brought daily from the UVM
greenhouse and placed in ovipositional cages with adult midges. After one day, the
plants with eggs were transferred to additional cages where larvae feed and develop for
~14 days. After 14 days, larvae migrate to the soil and pupate. Midges in the pupal
stage were transported from the University of Vermont to the Philip E. Marucci
Blueberry/Cranberry research station at Rutgers University, in three levels of
containment [plastic containers within a Styrofoam™ box in a mesh pop-up cage

(Bioquip, Rancho Domingez, CA)], where electroantennography trials were performed.

4.3.3. Pre-exposure Treatments

Gravid females were collected from emergence containers (clear plastic with lid
inside a pop-up cage) using a handheld mouth aspirator. Midges were introduced singly
through an opening cut into the lid of a 10 oz clear plastic container (~4 cm radius).

The containers held 1 mL of either eluted garlic or eucalyptus odors applied to circular
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filter paper which was set aside until the methylene chloride (used for headspace odor
extractions) had evaporated (~15 min). Fine mesh (1 micron diameter) was wrapped
around the open end of the aspirator vial to ensure midges could not escape or make
direct contact with the filter paper when inserted through the lid. After either 1 or 10 s
of pre-exposure, midges were knocked out using CO: to facilitate preparation for EAG
trials. Four females were tested for each of the pre-exposure treatments [untreated
control (UTC), garlic (G), eucalyptus lemon (EL); Os, 1 s, 10 s]. Control treatments
consisted of the same pre-exposure conditions in the absence of non-host odors.
Responses of 4 female midges to broccoli, garlic, and eucalyptus lemon odors were
measured four times for each midge in a randomized design (e.g. broccoli, garlic,
eucalyptus lemon, control = block 1; garlic, eucalyptus lemon, control, broccoli = block

2; and so on).

4.3.4. Electroantennography

The antennal responses of non-exposed or pre-exposed females were tested
using electroantennography asking whether previous experience with non-host odors
influences habituation, or a dampening of the neurophysiological response to repellents.
A glass capillary tube with saline solution (7.5 g NaCl, 0.21 g CaCl», 0.35 g KCl, 0.5 g
NaHCO:s in 1 liter H>O) was inserted into the fourth abdominal segment of knocked out
midges and attached to the reference electrode on the EAG device. The recording
electrode was attached directly to the antennae using Spectra 360 electrode gel (Parker

Laboratories Inc, Fairfield, NJ). EAG signals were read through a signal connection
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interface box (IDAC-2; Syntech, Hilversum, The Netherlands) and processed on a PC
using Syntech software. Air was pushed across the antennae using a 10 mm-diameter
glass tube. Volatile extracts were applied in 10 uL droplets to filter paper (Whatman
No. 1, Whatman International Ltd., Maidstone, United Kingdom) and a stimulus flow
controller (CS-05; Syntech) was used to regulate constant airflow for the 1 s odor
stimuli. Two blank air and hexane controls were used for each insect to ensure that the
EAG signal was due to odor reception and not mechanical stimuli (Payne, 1970).

4.3.5. Statistics

Average EAG responses for each of the pre-exposure groups (measured in mV)
were first scaled by subtracting the solvent (represented using dashed lines on figures
where applicable) and normalized by taking the square root of the voltages plus 1, and
multiplying by 0.5. Average values were compared using a repeated measure ANOVA to
account for the within-group error generated from the randomized block design for EAG
recordings. Statistical tests were performed using RStudio (version 1.1.456).

4.4. Results
Statistical tests from the scaled and normalized dataset confirmed that the pre-
exposure odor (F =4.53, MSE = 1.42 x 10°, p < 0.05; Figure 1) and the time of pre-
exposure (F =4.27, SE =2.01 x 10%, p < 0.05; Figure 2) significantly influenced the
neuro-physiological response of pre-exposed midges to host and non-host odors. We
did not find a significant interactive effect between pre-exposure odor and time of pre-

exposure on the physiological responsiveness to host or non-host odors (F =2.21, MSE
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= 1.05 x 10%, NS).

The strongest responses occurred in midges that were not pre-exposed to either
odor (blue dots, Figure 1). Eucalyptus lemon incited the strongest response when
midges were inserted into pre-exposure containers without odor (UTC), but responses
were reduced by an order of magnitude when pre-exposed to either garlic or eucalyptus
lemon. Following pre-exposure to eucalyptus lemon, midges were least responsive to
host odors, only slightly more responsive to garlic, and most responsive to eucalyptus
lemon (red dots, Figure 1). Pre-exposure to garlic resulted in some response to host and
garlic odors (~0.5006 mV, scaled data) with a lower response to eucalyptus lemon
(~70% of the response to host odors).

Midges responded to host volatiles following 0 or 1 s of pre-exposure to either
garlic or eucalyptus lemon, but were least responsive to host odors following 10 s of
pre-exposure (Figure 2). Their response was lowest (~50% of the response to host
odors) with garlic odors after 1 s of pre-exposure, but following 10 s of pre-exposure,
midges were more responsive to garlic than the other stimuli (Figure 2). These patterns
suggests that the previous exposure to odors quickly heightened chemosensation for
repellent compounds. Therefore, the odors do not appear to be ignored following
previous experience.

4.5. Discussion

We found that both the odor midges are pre-exposed to (eucalyptus lemon,

garlic) and the time that they are previously exposed (0, 1, 10 s) significantly

influenced their neurophysiological response to host (broccoli) or non-host odors

239



(eucalyptus lemon or garlic). Midges were least responsive following previous
exposure to eucalyptus lemon (Figure 1), and longer time of pre-exposure reduced
responsiveness, with the exception of garlic odors which resulted in a stronger response
following 10 s of previous exposure compared to 1 s (Figure 2). However, they clearly
responded to non-host odors.

It is difficult to determine the amount of time swede midge adults would
experience non-host odors in the field. If an odor is immediately repellent, the
experience happens quickly and causes a directed movement away from the odor
source (Deletre et al. 2016; Reisenman et al. 2016). However, if swede midge emerge
in a brassica planting that has been treated with a repellent non-host odor, their
movement away from the field could occur in the continuous presence of host and non-
host odors (Beyaert et al. 2010; Beyaert and Hilker 2014). In modern agricultural
settings where swede midge are a pest, adults emerge from the soil and seek out host
plants. Repellent odors are applied to host plants in the field so are false ecological
signals and could be ignored (Glendinning et al. 2001), but our results show midges are
more responsive to garlic odors than their host after 10 s of experience with repellents
(Figure 2). While our results show that the neurophysiological response to non-host
odors persists after 10 s of previous experience, additional tests of longer time periods
are warranted.

Work with Drosophila melanogaster has shown that repeated experience-
recovery periods with non-host odors can further influence the likelihood of habituation

in controlled, laboratory settings (Twick et al. 2014). However, repeated exposure-
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recovery intervals to the same repellent odors are unlikely in field settings. Repelled
adults move away from the odor source (Deletre et al. 2016). Arguably, repelled swede
midge could migrate to another brassica planting with the same repellent treatment, but
our findings indicate that the next experience with the repellent will still trigger a
repellent physiological response. It would be interesting to study how repeated
exposure-recovery intervals influence perception of repellents by swede midge.

It may also be important to consider how and whether learned responses change
across generations (Mishra et al. 2013), of which swede midge have at least 3 in any
growing season (trap data, unpubl.; Des Marteaux et al. 2015). If even a portion of
gravid females oviposit on plants treated with non-host odors, evidence suggests that
offspring, feeding in the presence of non-host odors, can gradually shift in preference
toward those odors as adults (Olsson et al. 2006a, b; Zhang et al. 2007). If this were to
occur in swede midge, it may be useful to incorporate spatiotemporal combinations of
different non-host repellents on brassica plantings to outpace their capacity to learn the
false signals. However, few studies have looked at the transfer of learned behaviors
across life stages or generations of insects.

In our study, we found that midges are unresponsive following one second of
pre-exposure, regardless of odor, but regain responsiveness to repellent stimuli,
specifically garlic, after 10 s of pre-exposure, suggesting habituation did not occur.
Repellency could be an effective management strategy for swede midge because any
oviposition from gravid females on brassicas can cause marketable losses. In

conclusion, garlic odors should repel swede midge, effectively reducing losses in
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brassicas.
4.6. Figures

Neurophysiological Response of Swede Midge
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Figure 16: Average voltage (mV) of swede midge antennae from electroantennography recordings
given pre-exposure to eucalyptus lemon (red dots), garlic (green dots), or an untreated control
(blue dots). Whiskers represent standard error from the normalized and scaled dataset.
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Figure 17: Average voltage (mV) of swede midge antennae from electroantennography recordings
given 0 s of pre-exposure (red dots), 1 s of pre-exposure (green dots), and 10 s of pre-exposure
(blue dots). Dashed lines represent the average values after subtracting the control response.
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Whiskers represent standard error from the normalized and scaled dataset.
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Do swede midge learn to ignore behaviorally active odors?

#Research Questions:
1. Does the time of pre-exposure influence sm's ability to detect odors?
2. Does pre-exposure to garlic or eucalyptus lemon influence sm's ability to detect odors?

" {r unwarns,echo=FALSE}
options(warn = -1)

" {r setupl,echo=F,include=FALSE}
habituate = read.csv("~/Desktop/SwedeMidge/manuscripts/20171217-ms-
chapter3/data/20181115-habituation-raw.csv")

library(ggplot2)

library(knitr)

library(rgl)

library(plotly)

library(Ime4)

knit_hooks$set(webgl = hook webgl)

eag_scaled = 0.5*sqrt(-habituate$Max+1)
habituate[,9] = eag_scaled
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colnames(habituate)[9] = "Max_scaled"

attach(habituate)
#detach(habituate)
#detach(habit_plot)
#detach(habituate summary)
#detach(olfactometer)
#detach(intervale eo)

" {r summary_function,echo=F}
data summary <- function(data, varname, groupnames){

require(plyr)

summary_func <- function(x, col){

c(mean = mean(x[[col]], na.rm=TRUE),
sd = sd(x[[col]], na.rm=TRUE))
}
data_sum<-ddply(data, groupnames, .fun=summary func,
varname)

data_sum <- rename(data_sum, c¢("mean" = varname))

return(data_sum)

RN

“*{r volt_error,echo=F}
voltage error df = as.data.frame(
aggregate(
Max~Recording+

Odor_pre+
Time pre odor,
data = habituate,
FUN = sd))

voltage error df$Max = voltage error df$Max/4

“*{r lined_response, fig.height=10, fig.width=17,echo=F}
black.text <- element_text(color = "black")
ggplot(data=habituate,
aes(x= Insect,
y=Max_scaled,
group=y)) +
geom_line(aes(color=Recording),
size=1)+
theme classic(base_size = 20) +
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theme(axis.text = black.text,
legend.position = "bottom") +
ggtitle("Variation in Essential Oil Profiles") +
scale x_continuous(name="Area") +
scale_y continuous(name="Area") +
geom_point(aes(color=factor(y),
size=2))

" {r stimulus_order,echo=F}

UTC _1 =Max_scaled[which(Recording=="UTC" & order==1)]
UTC 2 =Max_scaled[which(Recording=="UTC" & order==2)]
UTC_3 =Max_scaled[which(Recording=="UTC" & order==3)]
UTC_4 = Max_scaled[which(Recording=="UTC" & order==4)]

EL 1 =Max scaled[which(Recording=="EL" & order==1)]
EL 2 =Max scaled[which(Recording=="EL" & order==2)]
EL 3 =Max scaled[which(Recording=="EL" & order==3)]
EL 4 =Max_ scaled[which(Recording=="EL" & order==4)]

G_1=Max_scaled[which(Recording=="G" & order==1)]
G_2 =Max_scaled[which(Recording=="G" & order==2)]
G_3 =Max_scaled[which(Recording=="G" & order==3)]
G_4 =Max_scaled[which(Recording=="G" & order==4)]

BROCCOLI 1 = Max_scaled[which(Recording=="BROCCOLI" & order==1)]
BROCCOLI 2 = Max_scaled[which(Recording=="BROCCOLI" & order==2)]
BROCCOLI 3 = Max_scaled[which(Recording=="BROCCOLI" & order==3)]
BROCCOLI 4 = Max_scaled[which(Recording=="BROCCOLI" & order==4)]

" {r seq_df,echo=F}

seq_df = rbind(c("UTC",
mean(UTC 1),
mean(UTC _2),
mean(UTC _3),
mean(UTC _4),
sd(UTC 1),
sd(UTC 2),
sd(UTC 3),
sd(UTC 4)),

c("EL",

mean(EL 1),
mean(EL 2),
mean(EL 3),
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mean(EL 4),
sd(EL 1),
sd(EL _2),
sd(EL_3),
sd(EL _4)),
c("G",
mean(G_1),
mean(G_2),
mean(G_3),
mean(G_4),
sd(G_1),
sd(G_2),
sd(G_3),
sd(G_4)),
c("BROCCOLI",
mean(BROCCOLI 1),
mean(BROCCOLI 2),
mean(BROCCOLI 3),
mean(BROCCOLI 4),
sd(BROCCOLI 1),
sd(BROCCOLI 2),
sd(BROCCOLI 3),
sd(BROCCOLI 4)))

as.data.frame(seq_df)

colnames(seq_df) = c("Stimulus",

"First",

"Second",

"Third",

"Fourth",

"SD First",

"SD Second",

"SD Third",

"SD Fourth")
#View(seq_df)

" {r seq_dfl,echo=F}
seq_df1 = rbind(cbind("UTC",1,
as.numeric(mean(UTC 1)),
as.numeric(sd(UTC 1))),
cbind("UTC",2,
as.numeric(mean(UTC_2)),
as.numeric(sd(UTC _2))),
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cbind("UTC",3,
as.numeric(mean(UTC _3)),
as.numeric(sd(UTC _3))),
cbind("UTC",4,
as.numeric(mean(UTC_4)),
as.numeric(sd(UTC _4))),
cbind("EL",1,
as.numeric(mean(EL 1)),
as.numeric(sd(EL 1))),
cbind("EL",2,
as.numeric(mean(EL _2)),
as.numeric(sd(EL _2))),
cbind("EL",3,
as.numeric(mean(EL _3)),
as.numeric(sd(EL _3))),
cbind("EL",4,
as.numeric(mean(EL_4)),
as.numeric(sd(EL _4))),
cbind("G",1,
as.numeric(mean(G_1)),
as.numeric(sd(G_1))),
cbind("G",2,
as.numeric(mean(G_2)),
as.numeric(sd(G_2))),
cbind("G",3,
as.numeric(mean(G_3)),
as.numeric(sd(G_3))),
cbind("G" 4,
as.numeric(mean(G_4)),
as.numeric(sd(G_4))),
cbind("BROCCOLI",1,
as.numeric(mean(BROCCOLI 1)),
as.numeric(sd(BROCCOLI 1))),
cbind("BROCCOLI",2,
as.numeric(mean(BROCCOLI 2)),
as.numeric(sd(BROCCOLI 2))),
cbind("BROCCOLI",3,
as.numeric(mean(BROCCOLI 3)),
as.numeric(sd(BROCCOLI 3))),
cbind("BROCCOLI" 4,
as.numeric(mean(BROCCOLI 4)),
as.numeric(sd(BROCCOLI 4))))

seq_dfl = as.data.frame(seq_df1)
colnames(seq_dfl) = ¢("Stimulus",
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"Order",

"Response",

HSDH)
write.csv(seq_dfl,file="20181121-eag-summary.csv",row.names = F)

“"{rload df, echo=F}
eag_summary = read.csv("~/Desktop/SwedeMidge/manuscripts/20171217-ms-
chapter3/data/20181121-eag-summary.csv")

eag summary_se = read.csv("~/Desktop/SwedeMidge/manuscripts/20171217-ms-
chapter3/data/20181121-eag-summary-se.csv")

“*{rline_plot_seq,echo=F}
#tortify(seq dfl)
ggplot(data=eag_summary_se, aes(x=factor(Order),
y=as.numeric(Response),
group=factor(Stimulus))) +
geom_line(aes(color=factor(Stimulus)),
size=1)+
theme classic(base_size = 20) +
theme(axis.text = black.text,
legend.position = "bottom") +
labs(color = "Stimulus")+
ggtitle("Average Response Given Order of Stimuli") +
scale x_discrete(name="Order") +
scale y continuous(name="Average Voltage",
limits = ¢(0.5001,0.5015),
breaks = ¢(0.50015,
0.50045,
0.50075,
0.50105,
0.50135)) +
geom_point(aes(color=factor(Stimulus),
shape=factor(Stimulus),
size=3))+
geom_errorbar(aes(x = factor(Order),
ymin = Response-SE,
ymax = Response+SE),

size=1,
width=0)
#View(seq dfl)
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{r stimulus_order 0s,echo=F}
UTC 1 0=Max_scaled[which(Recording=="UTC" &
#order==1 &
Time pre odor==0)]
UTC 2 0=Max_scaled[which(Recording=="UTC" &
#order==2 &
Time pre odor==0)]
UTC 3 0=Max_scaled[which(Recording=="UTC" &
#order==3 &
Time pre odor==0)]
UTC 4 0=Max_scaled[which(Recording=="UTC" &
#order=—=4 &
Time pre odor==0)]

EL 1 0=Max scaled[which(Recording=="EL" &
#order==1 &
Time pre odor==0)]

EL 2 0=Max scaled[which(Recording=="EL" &
#order==2 &
Time pre odor==0)]

EL 3 0=Max scaled[which(Recording=="EL" &
#order==3 &
Time pre odor==0)]

EL 4 0=Max scaled[which(Recording=="EL" &
#order==4 &
Time pre odor==0)]

G 1 0= Max_scaled[which(Recording=="G" &
#order==1 &
Time pre odor==0)]

G 2 0=Max_scaled[which(Recording=="G" &
#order==2 &
Time pre odor==0)]

G 3 0= Max_scaled[which(Recording=="G" &
#order==3 &
Time pre odor==0)]

G 4 0= Max_scaled[which(Recording=="G" &
#order=—=4 &
Time pre odor==0)]

BROCCOLI 1 0=Max_scaled[which(Recording=="BROCCOLI" &
#order=—=1 &
Time pre odor==0)]

BROCCOLI 2 0= Max_scaled[which(Recording=="BROCCOLI" &
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#order==2 &
Time pre odor==0)]

BROCCOLI 3 0= Max_scaled[which(Recording=="BROCCOLI" &
#order==3 &
Time pre odor==0)]

BROCCOLI 4 0= Max_scaled[which(Recording=="BROCCOLI" &
#order==4 &
Time pre odor==0)]

" {rseq dfl Os,echo=F}
seq_dfl 0 = rbind(cbind("UTC",1,
as.numeric(mean(UTC 1 0)),
as.numeric(sd(UTC _1_0))),
cbind("UTC",2,
as.numeric(mean(UTC 2 0)),
as.numeric(sd(UTC_2_0))),
cbind("UTC",3,
as.numeric(mean(UTC 3 0)),
as.numeric(sd(UTC_3_0))),
cbind("UTC",4,
as.numeric(mean(UTC 4 0)),
as.numeric(sd(UTC 4 0))),
cbind("EL",1,
as.numeric(mean(EL 1 0)),
as.numeric(sd(EL 1 0))),
cbind("EL",2,
as.numeric(mean(EL 2 0)),
as.numeric(sd(EL 2 0))),
cbind("EL",3,
as.numeric(mean(EL 3 0)),
as.numeric(sd(EL 3 0))),
cbind("EL",4,
as.numeric(mean(EL 4 0)),
as.numeric(sd(EL_4 0))),
cbind("G",1,
as.numeric(mean(G_1_0)),
as.numeric(sd(G_1_0))),
cbind("G",2,
as.numeric(mean(G_2 0)),
as.numeric(sd(G_2_0))),
cbind("G",3,
as.numeric(mean(G_3 0)),
as.numeric(sd(G_3 0))),
cbind("G" 4,
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as.numeric(mean(G_4 0)),
as.numeric(sd(G_4 0))),
cbind("BROCCOLI",1,
as.numeric(mean(BROCCOLI 1 0)),
as.numeric(sd(BROCCOLI 1 _0))),
cbind("BROCCOLI",2,
as.numeric(mean(BROCCOLI 2 0)),
as.numeric(sd(BROCCOLI 2 0))),
cbind("BROCCOLI",3,
as.numeric(mean(BROCCOLI 3 0)),
as.numeric(sd(BROCCOLI 3 0))),
cbind("BROCCOLI" 4,
as.numeric(mean(BROCCOLI 4 0)),
as.numeric(sd(BROCCOLI 4 0))))

seq_dfl 0 = as.data.frame(seq_dfl 0)
colnames(seq_dfl_0) = ¢("Stimulus",
"Order",
"Response",
HSDH)
write.csv(seq_dfl 0,file="20181121-eag-zeros-summary.csv",row.names = F)

“{rload_df Os, echo=F}
eag 0 summary = read.csv("~/Desktop/SwedeMidge/manuscripts/20171217-ms-
chapter3/data/20181121-eag-zeros-summary-se.csv")

“*{rline_plot seq0,echo=F}
#tortify(seq_dfl)
ggplot(data=eag 0 summary, aes(x=factor(Stimulus),
y=Response,
group=factor(Stimulus))) +
# geom_line(aes(color=factor(Stimulus)),
# size=1)+
theme classic(base_size = 20) +
theme(axis.text = black.text,
legend.position = "bottom") +
labs(color = "Stimulus")+
ggtitle("Average Response Given Order of Stimuli") +
scale x_discrete(name="Order") +
scale y continuous(name="Average Voltage",
limits = ¢(0.5006,0.5017),
breaks = ¢(0.50075,
0.50105,
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0.50135)) +
geom_point(aes(color=factor(Stimulus),
# shape=factor(Stimulus),
size=3))+
geom_errorbar(aes(x = factor(Stimulus),
ymin = Response-SE,
ymax = Response+SE,
color=factor(Stimulus)),
size=1,
width=0)
#View(seq dfl)

{r stimulus_order 1s,echo=F}
UTC 1 1=Max_scaled[which(Recording=="UTC" &
#order=—=1 &
Time pre odor==1)]
UTC 2 1=Max_scaled[which(Recording=="UTC" &
#order==2 &
Time pre odor==1)]
UTC 3 1=Max_scaled[which(Recording=="UTC" &
#order==3 &
Time pre odor==1)]
UTC 4 1=Max_scaled[which(Recording=="UTC" &
#order=—=4 &
Time pre odor==1)]

EL 1 1=Max scaled[which(Recording=="EL" &
#order=—=1 &
Time pre odor==1)]

EL 2 1=Max scaled[which(Recording=="EL" &
#order==2 &
Time pre odor==1)]

EL 3 1=Max scaled[which(Recording=="EL" &
#order==3 &
Time pre odor==1)]

EL 4 1=Max_ scaled[which(Recording=="EL" &
#order==4 &
Time pre odor==1)]

G_1 1 =Max scaled[which(Recording=="G" &
#order=—=1 &
Time pre odor==1)]

G 2 1 =Max_ scaled[which(Recording=="G" &
#order==2 &
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Time pre odor==1)]

G_3 1 =Max scaled[which(Recording=="G" &
#order==3 &
Time pre odor==1)]

G 4 1 =Max_ scaled[which(Recording=="G" &
#order=—=4 &
Time pre odor==1)]

BROCCOLI 1 1=Max_scaled[which(Recording=="BROCCOLI" &
#order=—=1 &
Time pre odor==1)]

BROCCOLI 2 1=Max_scaled[which(Recording=="BROCCOLI" &
#order==2 &
Time pre odor==1)]

BROCCOLI 3 1=Max_scaled[which(Recording=="BROCCOLI" &
#order==3 &
Time pre odor==1)]

BROCCOLI 4 1=Max_scaled[which(Recording=="BROCCOLI" &
#order==4 &
Time pre odor==1)]

" {rseq dfl_Is,echo=F}
seq_dfl 1 = rbind(cbind("UTC",1,
as.numeric(mean(UTC 1 1)),
as.numeric(sd(UTC 1 _1))),
cbind("UTC",2,
as.numeric(mean(UTC 2 1)),
as.numeric(sd(UTC 2 1))),
cbind("UTC",3,
as.numeric(mean(UTC 3 1)),
as.numeric(sd(UTC_3 1))),
cbind("UTC",4,
as.numeric(mean(UTC 4 1)),
as.numeric(sd(UTC 4 1))),
cbind("EL",1,
as.numeric(mean(EL 1 1)),
as.numeric(sd(EL 1 1))),
cbind("EL",2,
as.numeric(mean(EL 2 1)),
as.numeric(sd(EL 2 1))),
cbind("EL",3,
as.numeric(mean(EL 3 1)),
as.numeric(sd(EL 3 1))),
cbind("EL",4,
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as.numeric(mean(EL 4 1)),
as.numeric(sd(EL 4 1))),
cbind("G",1,
as.numeric(mean(G_1 1)),
as.numeric(sd(G_1_1))),
cbind("G",2,
as.numeric(mean(G_2 1)),
as.numeric(sd(G_2 1))),
cbind("G",3,
as.numeric(mean(G_3 1)),
as.numeric(sd(G_3 1))),
cbind("G" 4,
as.numeric(mean(G_4 1)),
as.numeric(sd(G_4 1))),
cbind("BROCCOLI",1,
as.numeric(mean(BROCCOLI 1 1)),
as.numeric(sd(BROCCOLI 1 1))),
cbind("BROCCOLI",2,
as.numeric(mean(BROCCOLI 2 1)),
as.numeric(sd(BROCCOLI 2 1))),
cbind("BROCCOLI",3,
as.numeric(mean(BROCCOLI 3 1)),
as.numeric(sd(BROCCOLI 3 1))),
cbind("BROCCOLI" 4,
as.numeric(mean(BROCCOLI 4 1)),
as.numeric(sd(BROCCOLI 4 1))))

seq_dfl 1 = as.data.frame(seq_dfl 1)
colnames(seq_dfl 1) = ¢("Stimulus",
"Order",
"Response",
HSDH)
write.csv(seq dfl 1,file="20181121-eag-ones-summary.csv",row.names = F)

“{rload df Is, echo=F}
eag 1 summary = read.csv("~/Desktop/SwedeMidge/manuscripts/20171217-ms-
chapter3/data/20181121-eag-ones-summary-se.csv")

“{r line_plot seql,echo=F}

#tortify(seq_dfl)

ggplot(data=eag 1 summary, aes(x=factor(Stimulus),
y=Response,
group=factor(Stimulus))) +
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# geom_line(aes(color=factor(Stimulus)),
# size=1)+
theme classic(base_size = 20) +
theme(axis.text = black.text,
legend.position = "bottom") +
labs(color = "Stimulus")+
ggtitle("Average Response Given Order of Stimuli") +
scale x_discrete(name="Order") +
scale_y continuous(name="Average Voltage",
limits = ¢(0.5001,0.5015),
breaks = ¢(0.50015,
0.50045,
0.50075,
0.50105,
0.50135)) +
geom_point(aes(color=factor(Stimulus),
# shape=factor(Stimulus),
size=3))+
geom_errorbar(aes(x = factor(Stimulus),
ymin = Response-SE,
ymax = Response+SE,
color=factor(Stimulus)),
size=1,
width=0)
#View(seq dfl)

“{r stimulus_order 10s,echo=F}
UTC 1 10 =Max_ scaled[which(Recording=="UTC" &
#order=—=1 &
Time pre odor==10)]
UTC 2 10 =Max_scaled[which(Recording=="UTC" &
#order==2 &
Time pre odor==10)]
UTC 3 10 =Max_scaled[which(Recording=="UTC" &
#order==3 &
Time pre odor==10)]
UTC 4 10 = Max_scaled[which(Recording=="UTC" &
#order=—=4 &
Time pre odor==10)]

EL 1 10 =Max_ scaled[which(Recording=="EL" &
#order=—=1 &
Time pre odor==10)]

EL 2 10 =Max_scaled[which(Recording=="EL" &
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#order==2 &
Time pre odor==10)]

EL 3 10 =Max_scaled[which(Recording=="EL" &
#order==3 &
Time pre odor==10)]

EL 4 10 =Max_scaled[which(Recording=="EL" &
#order==4 &
Time pre odor==10)]

G 1 10=Max_scaled[which(Recording=="G" &
#order=—=1 &
Time pre odor==10)]

G 2 10 =Max_scaled[which(Recording=="G" &
#order==2 &
Time pre odor==10)]

G 3 10 =Max_scaled[which(Recording=="G" &
#order==3 &
Time pre odor==10)]

G 4 10 =Max_scaled[which(Recording=="G" &
#order=—=4 &
Time pre odor==10)]

BROCCOLI 1 10 = Max_ scaled[which(Recording=="BROCCOLI" &
#order=—=1 &
Time pre odor==10)]

BROCCOLI 2 10 =Max_scaled[which(Recording=="BROCCOLI" &
#order==2 &
Time pre odor==10)]

BROCCOLI 3 10 =Max_scaled[which(Recording=="BROCCOLI" &
#order==3 &
Time pre odor==10)]

BROCCOLI 4 10 =Max_scaled[which(Recording=="BROCCOLI" &
#order==4 &
Time pre odor==10)]

" {rseq _dfl _10s,echo=F}
seq_dfl 10 = rbind(cbind("UTC",1,
as.numeric(mean(UTC 1 10)),
as.numeric(sd(UTC 1 10))),
cbind("UTC",2,
as.numeric(mean(UTC 2 10)),
as.numeric(sd(UTC 2 10))),
cbind("UTC",3,
as.numeric(mean(UTC 3 10)),

257



as.numeric(sd(UTC 3 10))),
cbind("UTC" 4,
as.numeric(mean(UTC 4 10)),
as.numeric(sd(UTC 4 10))),
cbind("EL",1,
as.numeric(mean(EL 1 10)),
as.numeric(sd(EL_1 10))),
cbind("EL",2,
as.numeric(mean(EL 2 10)),
as.numeric(sd(EL_2 10))),
cbind("EL",3,
as.numeric(mean(EL 3 10)),
as.numeric(sd(EL_3 10))),
cbind("EL",4,
as.numeric(mean(EL 4 10)),
as.numeric(sd(EL_4 10))),
cbind("G",1,
as.numeric(mean(G_1_10)),
as.numeric(sd(G_1_10))),
cbind("G",2,
as.numeric(mean(G_2_10)),
as.numeric(sd(G_2_10))),
cbind("G",3,
as.numeric(mean(G_3_10)),
as.numeric(sd(G_3 10))),
cbind("G" 4,
as.numeric(mean(G_4 10)),
as.numeric(sd(G_4 10))),
cbind("BROCCOLI",1,
as.numeric(mean(BROCCOLI 1 10)),
as.numeric(sd(BROCCOLI 1 _10))),
cbind("BROCCOLI",2,
as.numeric(mean(BROCCOLI 2 10)),
as.numeric(sd(BROCCOLI 2 10))),
cbind("BROCCOLI",3,
as.numeric(mean(BROCCOLI 3 10)),
as.numeric(sd(BROCCOLI 3 10))),
cbind("BROCCOLI" 4,
as.numeric(mean(BROCCOLI 4 10)),
as.numeric(sd(BROCCOLI 4 10))))

seq_dfl 10 = as.data.frame(seq_dfl 10)
colnames(seq_dfl 10) = c("Stimulus",

"Order",
"Response",
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HSDH)
write.csv(seq_dfl 10,file="20181121-eag-tens-summary.csv",row.names = F)

“"{rload df 10s, echo=F}
eag 10 summary = read.csv("~/Desktop/SwedeMidge/manuscripts/20171217-ms-
chapter3/data/20181121-eag-tens-summary-se.csv'")

“*{r line_plot seql0,echo=F}
#tortify(seq_dfl)
ggplot(data=eag 10 summary, aes(x=factor(Stimulus),
y=Response,
group=factor(Stimulus))) +
# geom_line(aes(color=factor(Stimulus)),
# size=1)+
theme classic(base_size = 20) +
theme(axis.text = black.text,
legend.position = "bottom") +
labs(color = "Stimulus")+
ggtitle("Average Response Given Order of Stimuli") +
scale x_discrete(name="Order") +
scale y continuous(name="Average Voltage",
limits = ¢(0.5001,0.5006),
breaks = ¢(0.50015,
0.50045)) +
geom_point(aes(color=factor(Stimulus),
# shape=factor(Stimulus),
size=3))+
geom_errorbar(aes(x = factor(Stimulus),
ymin = Response-SE,
ymax = Response+SE,
color=factor(Stimulus)),
size=1,
width=0)
#View(seq dfl)

" {r stimulus_odor pre,echo=F}
UTC _UTC = Max_scaled[which(Recording=="UTC" &
Odor_pre=="UTC")]
UTC_G = Max_scaled[which(Recording=="UTC" &
Odor_pre=="Garlic")]
UTC _EL =Max_scaled[which(Recording=="UTC" &
Odor_pre=="EucalLem")]
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EL UTC = Max_scaled[which(Recording=="EL" &
Odor_pre=="UTC")]

EL G = Max_scaled[which(Recording=="EL" &
Odor_pre=="Garlic")]

EL EL =Max_scaled[which(Recording=="EL" &
Odor_pre=="EucalLem")]

G _UTC = Max_scaled[which(Recording=="G" &
Odor_pre=="UTC")]

G_G =Max_scaled[which(Recording=="G" &
Odor_pre=="Garlic")]

G_EL = Max_scaled[which(Recording=="G" &
Odor_pre=="EucalLem")]

BROCCOLI UTC = Max_scaled[which(Recording=="BROCCOLI" &
Odor_pre=="UTC")]

BROCCOLI G = Max_scaled[which(Recording=="BROCCOLI" &
Odor_pre=="Garlic")]

BROCCOLI _EL = Max_scaled[which(Recording=="BROCCOLI" &
Odor_pre=="EucalLem")]

" {r stimulus_time pre,echo=F}
UTC 0s =Max_scaled[which(Recording=="UTC" &
Time pre odor==0)]
UTC 1s=Max_scaled[which(Recording=="UTC" &
Time pre odor==1)]
UTC 10s = Max_scaled[which(Recording=="UTC" &
Time pre odor==10)]

EL 0s =Max_ scaled[which(Recording=="EL" &
Time pre odor==0)]

EL 1s=Max scaled[which(Recording=="EL" &
Time pre odor==1)]

EL 10s = Max_scaled[which(Recording=="EL" &
Time pre odor==10)]

G_0s = Max_scaled[which(Recording=="G" &
Time pre odor==0)]

G_1s=Max_scaled[which(Recording=="G" &
Time pre odor==1)]

G_10s = Max_scaled[which(Recording=="G" &
Time pre odor==10)]
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BROCCOLI 0s =Max_scaled[which(Recording=="BROCCOLI" &
Time pre odor==0)]

BROCCOLI 1s=Max_scaled[which(Recording=="BROCCOLI" &
Time pre odor==1)]

BROCCOLI 10s = Max_scaled[which(Recording=="BROCCOLI" &
Time pre odor==10)]

" {rseq_df time,echo=F}
seq_df time = rbind(cbind("UTC",0,
as.numeric(mean(UTC _0s)),
as.numeric(sd(UTC_0s))),
cbind("UTC",1,
as.numeric(mean(UTC _1s)),
as.numeric(sd(UTC 1s))),
cbind("UTC", 10,
as.numeric(mean(UTC 10s)),
as.numeric(sd(UTC 10s))),
cbind("EL",0,
as.numeric(mean(EL_0s)),
as.numeric(sd(EL _0s))),
cbind("EL",1,
as.numeric(mean(EL _15s)),
as.numeric(sd(EL _1s))),
cbind("EL",10,
as.numeric(mean(EL_10s)),
as.numeric(sd(EL 10s))),
cbind("G",0,
as.numeric(mean(G_0s)),
as.numeric(sd(G_0s))),
cbind("G",1,
as.numeric(mean(G_1s)),
as.numeric(sd(G_1s))),
cbind("G", 10,
as.numeric(mean(G_10s)),
as.numeric(sd(G_10s))),
cbind("BROCCOLI",0,
as.numeric(mean(BROCCOLI 0s)),
as.numeric(sd(BROCCOLI 0s))),
cbind("BROCCOLI",1,
as.numeric(mean(BROCCOLI 1s)),
as.numeric(sd(BROCCOLI 1s))),
cbind("BROCCOLI", 10,
as.numeric(mean(BROCCOLI 10s)),
as.numeric(sd(BROCCOLI 10s))))
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seq_df time = as.data.frame(seq_df time)
colnames(seq_df time) = c("Stimulus",
"TimePre",
"Response",
HSDH)
write.csv(seq_df time,file="20181121-eag-time-pre-summary.csv",row.names = F)

“{rload df time, echo=F}
eag time summary = read.csv("~/Desktop/SwedeMidge/manuscripts/20171217-ms-
chapter3/data/20181126-eag-time-pre-summary.csv'")

“{r line plot time pre, fig.width=10, fig.height=6,echo=F}
#tortify(seq_df1)
ggplot(data=eag_time summary, aes(x=factor(Stimulus),
y=Response,
group=factor(TimePre))) +
# geom_line(aes(color=factor(Stimulus)),
# size=1)+
theme classic(base_size = 20) +
theme(axis.text = black.text,
legend.position = "bottom") +
labs(color = "Time of Pre-Exposure (s)")+
ggtitle("Neurophysiological Response of Swede Midge") +
scale_x_discrete(name="Stimulus") +
scale y continuous(name="Average Scaled Voltage (mV)",
limits = ¢(0.5000,
0.5020),
breaks = ¢(0.5000,
0.5004,
0.5008,
0.5012,
0.5016,
0.5020)) +
geom_point(aes(color=factor(TimePre)),
size=3)+
geom_errorbar(aes(x = factor(Stimulus),
ymin = ymin,
ymax = ymax,
color=factor(TimePre)),
size=1,
width=0)
#View(seq dfl)
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“{rodor pre dfl,echo=F}
odor pre dfl = rbind(cbind("UTC","UTC",
as.numeric(mean(UTC_UTC)),
as.numeric(sd(UTC_UTC))),
cbind("UTC","G",
as.numeric(mean(UTC_G)),
as.numeric(sd(UTC_QG))),
cbind("UTC","EL",
as.numeric(mean(UTC_EL)),
as.numeric(sd(UTC_EL))),
cbind("EL","UTC",
as.numeric(mean(EL_UTC)),
as.numeric(sd(EL_UTC))),
cbind("EL","G",
as.numeric(mean(EL_G)),
as.numeric(sd(EL_GQG))),
cbind("EL","EL",
as.numeric(mean(EL_EL)),
as.numeric(sd(EL_EL))),
cbind("G","UTC",
as.numeric(mean(G_UTC)),
as.numeric(sd(G_UTC())),
cbind("G","G",
as.numeric(mean(G_QG)),
as.numeric(sd(G_Q))),
cbind("G","EL",
as.numeric(mean(G_EL)),
as.numeric(sd(G_EL))),
cbind("BROCCOLI","UTC",
as.numeric(mean(BROCCOLI UTC()),
as.numeric(sd(BROCCOLI _UTC())),
cbind("BROCCOLI","G",
as.numeric(mean(BROCCOLI QG)),
as.numeric(sd(BROCCOLI Q))),
cbind("BROCCOLI","EL",
as.numeric(mean(BROCCOLI EL)),
as.numeric(sd(BROCCOLI EL))))

odor pre dfl = as.data.frame(odor pre dfl)
colnames(odor_pre dfl) = ¢("Stimulus",
"Odor Pre",
"Response",
HSDH)
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write.csv(odor pre dfl,file="20181121-eag-odor-pre-summary.csv",row.names = F)

“"{rload df odor pre, echo=F}
eag odor pre summary = read.csv("~/Desktop/SwedeMidge/manuscripts/20171217-ms-
chapter3/data/20181126-eag-odor-pre-summary.csv")

“*{r line_plot odor pre, fig.width=10, fig.height=6,echo=F}
#tortify(seq dfl)
ggplot(data=eag_odor pre summary, aes(x=factor(Stimulus),
y=Response,
group=factor(OdorPre))) +
# geom_line(aes(color=factor(Stimulus)),
# size=1)+
theme classic(base_size = 20) +
theme(axis.text = black.text,
legend.position = "bottom") +
labs(color = "Pre-Exposure Odor")+
ggtitle("Neurophysiological Response of Swede Midge") +
scale x_discrete(name="Stimulus") +
scale y continuous(name="Average Scaled Voltage (mV)",
limits = ¢(0.5000,
0.5020),
breaks = ¢(0.5000,
0.5004,
0.5008,
0.5012,
0.5016,
0.5020)) +
geom_point(aes(color=factor(OdorPre)),
size=3)+
geom_errorbar(aes(x = factor(Stimulus),
ymin = ymin,
ymax = ymax,
color=factor(OdorPre)),
size=1,
width=0)
#View(seq dfl)

###Generalized Linear Model - 3 factor analysis

“*{r three_way anova,echo=FALSE}
glm_all = glm(Max~Odor_pre*Time pre odor*Recording-1)
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summary(glm_all)

glm no_time = glm(Max~Odor_pre*Recording-1)
summary(glm_no_time)

glm no pre = glm(Max~Time pre odor*Recording-1)
summary(glm _no_pre)

glm no_ post = glm(Max~Time pre odor*Odor pre-1)
summary(glm_no_post)

glm just pre = glm(Max~Odor pre-1)
summary(glm_just pre)

glm just post = glm(Max~Recording-1)
summary(glm_just _post)

glm just time = glm(Max~as.factor(Time pre odor)-1)
summary(glm_just time)

“*{r scaled anovas,echo=FALSE}
glm all =Im(Max_scaled~Odor pre*Time pre odor*Recording-1)
summary(glm_all)

glm no time = Im(Max_scaled~Odor_pre*Recording-1)
summary(glm_no_time)

glm no pre = Im(Max_scaled~Time pre odor*Recording-1)
summary(glm _no_pre)

glm no post = Im(Max_scaled~Time pre odor*Odor pre-1)
summary(glm_no_post)

glm just pre =Im(Max_scaled~as.factor(Odor pre)-1)
summary(glm_just pre)

glm just post =Im(Max_scaled~Recording-1)
summary(glm_just _post)

glm just time = Im(Max_scaled~as.factor(Time pre odor)-1)

summary(glm_just time)

#Tukey's
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“*{r scaled_tukey,echo=FALSE}

a_odor pre <-

aov(Max_scaled~factor(Odor_pre)*factor(Time pre odor)*factor(Recording))
a_time pre <- aov(Max_scaled~Odor pre*factor(Time pre odor)*Recording)
a_recording <- aov(Max_scaled~Odor pre*Time pre odor*factor(Recording))

posthoc_odor pre <- TukeyHSD(x=a odor pre,
'factor(Odor_pre)',
conf.level=0.95)

posthoc time pre <- TukeyHSD(x=a_time pre,
'factor(Time pre odor)',
conf.level=0.95)

posthoc_recording <- TukeyHSD(x=a_recording,
'factor(Recording)',
conf.level=0.95)

summary(a_odor pre)

posthoc_odor pre
posthoc_time pre
posthoc_recording

#Repeated measures - don't inflate your d's of f

“*{r aov_repeated,echo=F}
modelAOV <- aov(Max~factor(Time pre odor)*
Odor_pre+
Error(factor(Insect)/Recording),
data = habituate)
summary(modelAOV)

modelAOV2 <- aov(Max_scaled~factor(Time pre odor)*Recording+
Error(factor(Insect)/Recording),
data = habituate)
summary(modelAOV2)

modelAOV3 <- aov(Max_scaled~factor(Odor_pre)*Recording+
Error(factor(Insect)),
data = habituate)
summary(modelAOV3)

modelAOV4 <- aov(Max_scaled~Recording+
Error(factor(Insect)),
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data = habituate)
summary(modelAOV4)

modelAOVS5 <- aov(Max_scaled~factor(Time pre odor)+
Error(factor(Insect)/Recording),
data = habituate)
summary(modelAOVS5)

“*{r ancova_repm,echo=F}
ancova_repeatl =
Imer(Max_scaled~factor(Time pre odor)*Odor pre+(1|factor(Insect)),data = habituate)

summary(ancova_repeatl)

" {r save,echo=FALSE}
habituate summary = with(habituate,
aggregate(Max,
list(Odor_pre,
Time pre odor,
Recording),
mean,na.rm=7))

colnames(habituate summary) = c("Odor_pre","Time","Odor","x")
write.csv(x = habituate summary,
file = "~/Desktop/SwedeMidge/Habituation/20171217-habituation-summary.csv")

" {r dataswitchl, echo=F}
detach(habituate)
attach(habituate summary)

" {r tablel,results = 'asis',echo=F}
knitr::kable(habituate summary, caption = "Summary Table - Average Max [V]")

##Summary figures - Boxplots

" {r boxplot1,echo=F}
#View(habituate)
yl = habituate summary$x[habituate summary$Odor pre=="Garlic"]
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x1 = factor(habituate summary$Time
[habituate summary$Odor pre=="Garlic"])
#[habituate summary$Odor pre=="EucalLem"])
#[habituate summary$Odor pre=="UTC"])

y2 = habituate summary$x[habituate summary$Odor pre=="Eucal.em"]
x2 = factor(habituate summary$Time

#[habituate summary$Odor pre=="Garlic"])

[habituate summary$Odor pre=="EucalLem"])

#[habituate summary$Odor pre=="UTC"])

y3 = -habituate_summary$x[habituate summary$Time=="1"]

x3 = habituate summary$Odor_ pre[habituate summary$Time=="1"]
#[habituate summary$Odor pre=="Garlic"])
#[habituate summary$Odor pre=="EucalLem"])
#[habituate summary$Odor pre=="UTC"])

y4 = -habituate_summary$x[habituate summary$Time=="10"]
x4 = habituate summary$Odor_ pre[habituate summary$Time=="10"]

plotl = plot(-yl1~x1,
xlab="Time of Pre-exposure",
ylab="-Maximum [V]",
main="Garlic")

#plot.new()

plot2 = plot(-y2~x2,
xlab="Time of Pre-exposure",
ylab="-Maximum [V]",
main="EucalLem")

#plot.new()

plot3 = plot(-y3~x3,
xlab="Pre-exposure Odor",
ylab="-Maximum [V]",
main="Average at 1 Second of Pre-Exposure")

plot4 = plot(-y4~x4,
xlab="Pre-exposure Odor",
ylab="-Maximum [V]",
main="Average at 10 Seconds of Pre-Exposure")

plotl
plot2
plot3
plot4
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" {r response_df, echo=F}

control_brocc = x[which(c(Odor pre=="UTC" & Odor=="BROCCOLI"))]
control_control = x[which(c(Odor pre=="UTC" & Odor=="UTC"))]
control_eucalem = x[which(c(Odor pre=="UTC" & Odor=="EL"))]
control_garlic = x[which(c(Odor pre=="UTC" & Odor=="G"))]

eucalem_brocc = x[which(c(Odor_pre=="EucalLem" &
Odor=="BROCCOLI"))]
eucalem_control = x[which(c(Odor pre=="Eucalem" &
Odor=="UTC"))]
eucalem_eucalem = x[which(c(Odor pre=="Eucalem" &

Odor=="EL"))]
eucalem_garlic = x[which(c(Odor_pre=="EucalLem" &
Odor=="G"))]

garlic_brocc = x[which(c(Odor pre=="Garlic" &
Odor=="BROCCOLI"))]

garlic_control = x[which(c(Odor_pre=="Garlic" & Odor=="UT(C"))]

garlic_eucalem = x[which(c(Odor_pre=="Garlic" & Odor=="EL"))]

garlic_garlic = x[which(c(Odor_pre=="Garlic" & Odor=="G"))]

response_df = data.frame(PreExposure=c("Control",
"Control",
"Control",
"Control",
"Eucalyptus Lemon",
"Eucalyptus Lemon",
"Eucalyptus Lemon",
"Eucalyptus Lemon",
"Garlic",
"Garlic",
"Garlic",
"Garlic"),
Exposure=c("Broccoli",

"UTC",

"Eucalyptus Lemon",

"Garlic",

"Broccoli",

"UTC",

"Eucalyptus Lemon",

"Garlic",

"Broccoli",

"UTC",

"Eucalyptus Lemon",
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"Garlic"),

Response=c(control brocc[2],control control[2],
control_eucalem[2],control garlic[2],
eucalem_brocc[2],eucalem_control[2],
eucalem_eucalem[2],eucalem_garlic[2],
garlic_brocc[2],garlic_control[2],
garlic_eucalem[2],garlic_garlic[2]))

response_df

" {r boxplot2,echo=F}
y2 = habituate summary$x#[habituate summary$Odor pre!="UTC"]
x2 = factor(habituate summary$Odor pre)
#[habituate summary$Odor pre!="UTC"])
plot(-y2~x2,
xlab="Pre-Exposure Odor",
ylab="-Maximum [V]")

“*{r boxplot3,echo=F}
y3 = habituate summary$x#[habituate summary$Odor pre!="UTC"]
x3 = factor(habituate summary$Odor)

#[habituate summary$Odor pre!="UTC"])
plot(-y3~x3,xlab="0Odor Stimuli",ylab="-Maximum [V]")

" {r dataswitch2,echo=F}
detach(habituate summary)
attach(habituate)

##Relative EAG Response

“{rrel response df,echo=FALSE}

avgUTC = mean(Max[Odor_pre=="UTC"])
avgG = mean(Max[Odor_pre=="Garlic"])
avgEL = mean(Max[Odor pre=="EucalLem"])

#c(avgG - avgUTC,avgEL - avgUTC)

responseBlank = mean(Max[Recording=="UTC"])
responseHost = mean(Max[Recording=="BROCCOLI"])
responseGarlic = mean(Max[Recording=="G"])
responseEuca = mean(Max[Recording=="EL"])
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relResponse = rbind(responseHost-responseBlank,
responseGarlic-responseBlank,
responseEuca-responseBlank)

colnames(relResponse) = c¢("Relative Response")
rownames(relResponse) = ¢("Broccoli","Garlic","Euca Lemon")

" {r table2,results = 'asis',echo=F}
knitr::kable(relResponse, caption = "Relative responses to host and non-host odors.
Calculated by subtracting average response to UTC from treatment responses.")

" {r boxplot4,echo=FALSE}

# xRRO = Max[c(Recording=="EucalLem",Time pre odor=="0")]
# #yRRO =
# xRR0

yl = habituate summary$x[habituate summary$Odor=="G"]
x1 = factor(habituate summary$Odor pre
[habituate summary$Odor=="G"])
#[habituate summary$Odor pre=="EucalLem"])
#[habituate summary$Odor pre=="UTC"])

y2 = habituate summary$x[habituate summary$Odor=="EL"]
x2 = factor(habituate summary$Odor pre
#[habituate summary$Odor pre=="Garlic"])
[habituate summary$Odor=="EL"])
#[habituate summary$Odor pre=="UTC"])

y3 = habituate summary$x[habituate summary$Odor=="BROCCOLI"]
x3 = factor(habituate summary$Odor pre

#[habituate summary$Odor pre=="Garlic"])

#[habituate summary$Odor pre=="EucalLem"])

[habituate summary$Odor=="BROCCOLI"])

plotl = plot(-yl1~x1,
xlab="Pre-exposure Odor",
ylab="-Maximum [V]",
main="Garlic")

#plot.new()

plot2 = plot(-y2~x2,
xlab="Pre-exposure Odor",
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ylab="-Maximum [V]",
main="Eucalyptus Lemon")

#plot.new()

plot3 = plot(-y3~x3,
xlab="Pre-exposure Odor",
ylab="-Maximum [V]",
main="Broccoli")
#title("UTC"))

plotl

plot2

plot3

##Summary Statistics

##Average Maximum [V] given Pre-exposure Odor Treatment
" {r meanl,echo=F}

tapply(Max,Odor pre,mean,na.rm=T)

###Standard Deviation

" {rstd_devl,echo=F}

tapply(Max,Odor pre,sd,na.rm=T)

###Variance

**{r variancel ,echo=F}

tapply(Max,Odor pre,var,na.rm=T)

###Average Maximum [V] given Time of Pre-exposure
" {r mean2,echo=F}

tapply(Max,Time pre odor,mean,na.rm=T)
###Standard Deviation

Y {rstd_dev2,echo=F}

tapply(Max,Time pre odor,sd,na.rm=T)

###Variance
272



**{r variance2,echo=F}
tapply(Max,Time pre odor,var,na.rm=T)

##Analysis of Covariance
###Formula: $$Max[V] = time(s) + odor$$

" {r ancoval,echo=F}
habit_ancova <- aov(Max ~ Odor_pre * Time pre odor, data=habituate)
summary(habit ancova)

habit_ancova scaled <- aov(Max_ scaled ~ Odor _pre * Time pre odor, data=habituate)
summary(habit ancova scaled)

" {rplot3d_1,echo=F}
#attach(habituate)

x3d = Max

y3d = Recording

z3d = Time pre odor
#plot3d(x3d, y3d, z3d)

# plot_ly(habituate,

# type="bar"[x = Recording,

# y = Max/Time_pre_odor])

###Covariance Matrix

*{r cov_tests,echo=F}

result <- aov(Max~Time pre odor*Odor pre*Recording,
data = habituate)

print(summary(result))

covTimeControl = cov(Time pre odor[Odor pre=="UTC"],
Max[Odor_pre=="UTC"])

covTimeEuca = cov(Time pre odor[Odor pre=="EucalLem"],
Max[Odor_pre=="Eucal.em"])

covTimeGarlic = cov(Time pre odor[Odor pre=="Garlic"],
Max[Odor_pre=="Garlic"])
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covControl = cov(y[Odor_pre=="UTC"],
Max[Odor pre=="UTC"])

covEuca = cov(y[Odor pre=="EucalLem"],
Max[Odor_pre=="Eucal.em"])

covGarlic = cov(y[Odor pre=="Garlic"],
Max[Odor_pre=="Garlic"])

covDF = rbind(cbind(covTimeControl,covControl),
cbind(covTimeEuca,covEuca),
cbind(covTimeGarlic,covGarlic))

rownames(covDF) = ¢("Control",
"Eucalyptus Lemon",
"Garlic")

colnames(covDF) = ¢("Time of Pretreatment",
"Order of Odor Stimuli")

" {r table3,results = 'asis',echo=F}

knitr::kable(covDF, caption = "Positive numbers suggest a positive linear relationship,
and therefore a dampening of the physiological response. Negative suggest a decreasing
linear relationship and heightened physiological response.")

" {r dataswitch3,echo=F}
detach(habituate)
attach(habituate summary)

“{rplot_1,echo=F}
habit plotl = with(habituate summary,
aggregate(x,list(Odor, Time), mean))

colnames(habit_plotl) = c("Odor","Time","x")
" {r dataswitch4,echo=F}
detach(habituate summary)

attach(habit_plot1)

#tapply(x,Time,mean)
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#tapply(x,0Odor_pre,mean)

" {rplot_2,echo=F}
habitLine = ggplot(habit plotl,
aes(Odor,
X,
color=0Odor,
group=factor(Time)))

“{r deletel,echo=F}
# habitLine+

geom_point(shape=19,size=4)+
geom_line(size=1)+
#geom_errorbar(ymin = ymin,
# ymax = ymax,

# color = "Black",

# group = Odor _pre,

# width=0)+
theme classic()+
scale color brewer(palette = "Set1")+
#coord cartesian(xlim = c(1,3),
# ylim = ¢(0,1))+
#ggtitle("Effect of plant age on average damage")+
xlab("Stimulus")+
ylab("Average Change in Voltage")+
theme(axis.text = element_text(size = 15))+
theme(text = element_text(size = 18))
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" {rplot_3,echo=F}
habitBar = ggplot(habit plotl,
aes(x = Odor,
y=-X
fill = factor(Time)))

##Figure 1 - Average Max [V] in response to odor stimuli for different pre-treatment
times.

Evidence for mechanical stimulus (voltage) from blank odor [@Payne1970]

" {rplot_4,echo=F}

#attach(habit_plot)

#ymax_sd = tapply(-x,0Odor_pre,sd,na.rm =T)
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# ymin_mean = with(habit_plot,
aggregate(X,
list(Odor,
factor(Time)),
mean,
na.rm=T))

FHoFH H H

# attach(habituate)
ymax_sd = with(habituate,
aggregate(Max,
list(Recording,
Time pre odor),

sd,

na.rm=T))
ymax_sd2 = ymax_sd[order(ymax_sd$Group.1),]
ymax_sd2$x = ymax_sd2$x/4

yminl = habit_plotl[order(habit_plot1$Odor),]

ymin2 = -yminl$x

ymin3 = ¢(0.001118967,0.002224983,0.005053389,
0.00124100,0.001815900,0.004243500,
0.001659033,0.001041046,0.004168222,
0.001024100,0.002081325,0.003080167)

# detach(habituate)

#ymin = ymin_mean$x

# ymax = ymax_sd$x/4

# habit_plot$x

error_barl = ¢(0.0000089,0.0000039,0.0000045,
0.0000018,0.0000059,0.0000024,
0.00000019,0.0000037,0.00000086,
0.00000061,0.0000015,0.00000073)

#ymax_true = error _tmp-error barl

habitBar + geom_bar(position = "dodge",
stat = "identity")+
geom_errorbar(ymin = ymin3,
ymax = ymin3+ymax_sd2$x,
width = 0.2,
position = position_dodge(0.9))+
theme classic()+
scale_y continuous(name="Voltage",
limits = ¢(0.000,0.006),
breaks = ¢(0.000,0.001,
0.002,
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0.003,0.004,
0.005,0.006))+
#scale color brewer(palette = "Set1")+
#coord cartesian(xlim = c(1,3),
# ylim = ¢(0,1))+
#ggtitle("Effect of plant age on average damage")+
xlab("Odor Stimulus")+
ylab("Average Maximum [V]")+
theme(axis.text = element_text(size = 15))+
theme(text = element_text(size = 20))+
scale fill discrete(name = "Time (s)")

# error_tmp = ¢(0.0050533889,0.0035428333,0.0009071333,

# 0.0060693333,0.0028080000,0.0008238000,
# 0.0048316667,)
###Average error

“{ravg_errors,echo=F}
#mean(ymax)

" {rplot_5,echo=F}
habit plot2 = with(habituate summary,
aggregate(x,list(Odor, Time),
mean))

habit plot3 = with(habituate summary,
aggregate(x,list(Odor,Odor_pre),
mean))

habit plot sd = with(habituate summary,
aggregate(x,list(Odor, Time),
sd,na.rm=T))

habit_plot sd3 = with(habituate summary,
aggregate(x,list(Odor,Odor_pre),
sd,na.rm=T))

colnames(habit_plot2) = c("Odor","Time","x")
colnames(habit_plot3) = c("Odor","Odor_pre","x")

" {r plot_6,echo=F}
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habitBar2 = ggplot(habit plot2,
aes(x = factor(Time),

Y =X,
fill = Odor))

##Figure 2 - Average Max [V] to each odor stimuli given pre-treatment odors

" {r plot_7,echo=F,fig.width=10}
#attach(habit_plot)

#ymax_sd = tapply(-x,0Odor_pre,sd,na.rm =T)
#ymin_mean = with(habit_plot,

# aggregate(X,

# list(Odor,

# factor(Time)),
# mean,

# na.rm=T))

# attach(habituate)
# ymax_sd = with(habituate,

# aggregate(Max,

# list(Recording,

# Time pre odor),
# var,

# na.rm=T))

# detach(habituate)

#ymin = ymin_mean$x
#ymax = ymax_sd$x

ymax_odor = habit_plot_sd$x/4

ymax_sd2 = ymax_sd[order(ymax_sd$Group.1),]
ymax_sd2$x = ymax_sd2$x/4

yminl = habit_plot2$x

ymin_tmp = -yminl

# ymin3 = ¢(0.0003724310,0.0003038530,0.0001158845,

0.0002497020,

0.0001917598,0.00009735738,

0.0002642125,0.00005433342,

0.0001552378,

0.0001665861,0.0002402966,0.0001068327)

ymin2 = ¢(0.003080167,0.004168222,0.004243500,0.005053389,
0.002081325,0.001041046,0.001815900,0.002224983,
0.001024100,0.001659033,0.001241100,0.001118967)

o H HH
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ymin3 = ¢(0.0002497020,0.0001158845,
0.0003038530,0.0003724310,
0.00005433342,0.0002642125,
0.00009735738,0.0001917598,
0.0001068327,0.0002402966,
0.0001665861,0.0001552378)

habitBar2 + geom_bar(
position = "dodge",
stat = "identity")+
geom_errorbar(ymin = ymin2,
ymax = ymin2+ymin3,
width = 0.2,
position = position_dodge(0.9))+
#geom_errorbar(ymin = -ymin, ymax = -(ymin-ymax))+
theme classic()+
#scale color brewer(palette = "Set1")+
#coord cartesian(xlim = c(1,3),
# ylim = ¢(0,1))+
#ggtitle("Effect of plant age on average damage")+
#xlab("Stimulus")+
xlab("Time of Pre-exposure (s)")+
ylab("Average Maximum [V]")+
scale_y continuous(name="Voltage",
limits = ¢(0.000,0.006),
breaks = ¢(0.000,0.001,
0.002,
0.003,0.004,
0.005,0.006))+
theme(axis.text = element_text(size = 15))+
theme(text = element_text(size = 20))+
geom_segment(aes(x = 0.5,
y =0.00305,
xend = 1.5,
yend = 0.00305),
linetype = "dashed")+
geom_segment(aes(x = 1.5,
y =0.00205,
xend = 2.5,
yend = 0.00205),
linetype = "dashed")+
geom_segment(aes(x = 2.5,
y =0.00103,
xend = 3.5,
yend = 0.00100),
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linetype = "dashed")+
scale fill discrete(name = "Stimulus")

" {rplot_8,echo=F}

#attach(habit_plot)

# ymax_sd = tapply(-x,0Odor_pre,sd,na.rm = T)
# ymin_mean = with(habit_plot,

# aggregate(X,

# list(Odor,

# factor(Time)),
# mean,

# na.rm=T))

# attach(habituate)
# ymax_sd = with(habituate,

# aggregate(Max,

# list(Recording,

# Time pre odor),
# var,

# na.rm=T))

# detach(habituate)

#ymin = ymin_mean$x
# ymax = ymax_sd$x

habitBar2 + geom_bar(
aes(fill = as.factor(Time),
x = Odor),
position = "dodge",
stat = "identity")+
#geom_errorbar(ymin = -ymin, ymax = -(ymin-ymax))+
theme classic()+
#scale color brewer(palette = "Set1")+
#coord cartesian(xlim = c(1,3),
# ylim = ¢(0,1))+
#ggtitle("Effect of plant age on average damage")+
#xlab("Stimulus")+
xlab("Stimulus")+
ylab("Average Maximum [V]")+
theme(axis.text = element_text(size = 15))+
theme(text = element_text(size = 20))+
scale fill discrete(name = "Time(s)")

“{rplot 9,echo=F}
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#attach(habit_plot)
# ymax_sd = tapply(-x,0Odor_pre,sd,na.rm = T)
# ymin_mean = with(habit_plot,

# aggregate(X,

# list(Odor,

# factor(Time)),
# mean,

# na.rm=T))

# attach(habituate)
# ymax_sd = with(habituate,

# aggregate(Max,

# list(Recording,

# Time pre odor),
# var,

# na.rm=T))

# detach(habituate)

#ymin = ymin_mean$x
# ymax = ymax_sd$x

habitBar2 + geom_bar(
aes(fill = as.factor(Time),
x = Odor),
position = "dodge",
stat = "identity")+
#geom_errorbar(ymin = -ymin, ymax = -(ymin-ymax))+
theme classic()+
#scale color brewer(palette = "Set1")+
#coord cartesian(xlim = c(1,3),
# ylim = ¢(0,1))+
#ggtitle("Effect of plant age on average damage")+
#xlab("Stimulus")+
xlab("Pre-exposure Odor")+
ylab("Average Maximum [V]")+
theme(axis.text = element_text(size = 15))+
theme(text = element_text(size = 20))+
scale fill discrete(name = "Time")

#Figure 3 -
" {r dataview1,echo=F}

habit_plot3
habit plot sd3
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" {rplot_10,echo=F}
habitBar3 = ggplot(habit plot3,
aes(x = Odor,
y=-X
fill = Odor_pre))

“{rplot_11,echo=F,fig.width=10}
#attach(habit_plot)

# ymax_sd = tapply(-x,0Odor_pre,sd,na.rm =T)
# ymin_mean = with(habit_plot,

# aggregate(X,

# list(Odor,

# factor(Time)),
# mean,

# na.rm=T))

# attach(habituate)
# ymax_sd = with(habituate,

# aggregate(Max,

# list(Recording,

# Time pre odor),
# var,

# na.rm=T))

# detach(habituate)

#ymin = ymin_mean$x
# ymax = ymax_sd$x

ymin2 = ¢(0.005053389,0.002287850,0.001056100,
0.006069333,0.001868000,0.001598556,
0.003504778,0.002558631,0.001277967,
0.003080167,0.001959625,0.001145800)

ymin3 = ¢(0.0002497020,0.0017748145,
0.0002106707,0.0003724310,
0.0013293607,0.0007978586,
0.00009735738,0.0019703662,
0.0009949935,0.0002402966,
0.0021476601,0.0006525181)

habitBar3 + geom_bar(
aes(fill = Odor pre,
x = Odor),
position = "dodge",
stat = "identity")+
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geom_errorbar(ymin = ymin2,
ymax = ymin2+ymin3,
width = 0.2,
position = position_dodge(0.9))+
#geom_errorbar(ymin = -ymin, ymax = -(ymin-ymax))+
theme classic()+
#scale color brewer(palette = "Set1")+
#coord cartesian(xlim = c(1,3),
# ylim = ¢(0,1))+
#ggtitle("Effect of plant age on average damage")+
#xlab("Stimulus")+
xlab("Odor Stimulus")+
#ylab("Voltage [mV]")+
scale_y continuous(name="Voltage",
limits = ¢(0.000,0.007),
breaks = ¢(0.000,0.001,
0.002,
0.003,0.004,
0.005,0.006))+
theme(axis.text = element_text(size = 15))+
theme(text = element_text(size = 20))+
geom_segment(aes(x = 0.5,
y =0.003080167,
xend = 4.5,
yend = 0.003080167),
linetype = "dashed",
color = "blue")+
geom_segment(aes(x = 0.5,
y =0.001959625,
xend =4,
yend = 0.001959625),
linetype = "dashed",
color = "green")+
geom_segment(aes(x = 0.5,
y =0.001145800,
xend = 3.5,
yend = 0.001145800),
linetype = "dashed",
color = "red")+
scale fill discrete(name = "Pre-exposure Odor")

" {r warns,echo=FALSE}
options(warn = 0)
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Appendix 1 — Additional Data (K. Jacobs)

Ovipositon Ovipostion
Start Date  End Date Cut Date Treatment Count Position

7/14/15 7/17/15 7/24/15 CM 22 13
7/14/15 7/17/15 7/24/15 CM 18 5
7/14/15 7/17/15 7/24/15 CM 20 8
7/14/15 7/17/15 7/24/15 CM 10 1
7/14/15 7/17/15 7/24/15 CM 1 14
7/14/15 7/17/15 7/24/15 AM 28 2
7/14/15 7/17/15 7/24/15 AM 25 4
7/14/15 7/17/15 7/24/15 AM 19 15
7/14/15 7/17/15 7/24/15 AM 29 7
7/14/15 7/17/15 7/24/15 AM 29 10
7/14/15 7/17/15 7/24/15 AM 32 6
7/14/15 7/17/15 7/24/15 AM 19 3
7/14/15 7/17/15 7/24/15 AM 17 11
7/14/15 7/17/15 7/24/15 AM 47 9
7/14/15 7/17/15 7/24/15 AM 32 12
7/21/15 7/24/15 7/31/15 CH 30 2
7/21/15 7/24/15 7/31/15 CH 0 9
7/21/15 7/24/15 7/31/15 CH 15 13
7/21/15 7/24/15 7/31/15 CH 1 11
7/21/15 7/24/15 7/31/15 CH 2 8
7/21/15 7/24/15 7/31/15 AZH 6 12
7/21/15 7/24/15 7/31/15 AZH 0 14
7/21/15 7/24/15 7/31/15 AZH 0 6
7/21/15 7/24/15 7/31/15 AZH 0 15
7/21/15 7/24/15 7/31/15 AZH 1 4
7/21/15 7/24/15 7/31/15 AZH 2 7
7/21/15 7/24/15 7/31/15 AZH 0 10
7/21/15 7/24/15 7/31/15 AZH 12 1
7/21/15 7/24/15 7/31/15 AZH 9 3
7/21/15 7/24/15 7/31/15 AZH 4 5
7/28/15 7/31/15 8/7/15 CHH 0 11
7/28/15 7/31/15 8/7/15 CHH 47 3
7/28/15 7/31/15 8/7/15 CHH 14 5
7/28/15 7/31/15 8/7/15 CHH 55 7
7/28/15 7/31/15 8/7/15 CHH 1 14
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7/28/15
7/28/15
7/28/15
7/28/15
7/28/15
7/28/15
7/28/15
7/28/15
7/28/15
7/28/15
8/4/15
8/4/15
8/4/15
8/4/15
8/4/15
8/4/15
8/4/15
8/4/15
8/4/15
8/4/15
8/4/15
8/4/15
8/4/15
8/4/15
8/4/15
8/4/15
8/4/15
8/4/15
8/4/15
8/4/15
8/11/15
8/11/15
8/11/15
8/11/15
8/11/15
8/11/15
8/11/15
8/11/15
8/11/15

7/31/15
7/31/15
7/31/15
7/31/15
7/31/15
7/31/15
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8/21/15
8/21/15
8/21/15
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Appendix 2 — Additional Data (S. Zuzkerman)

Damage Marketable
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Appendix 3 — Additional Data (R. Roman and R. Pillischer)

Treatment Larvae Treatment Larvae

SA 102 BTH 6
SA 105 BTH 2
SA 31 BTH 37
SA 136 BTH 37
SA 36 BTH 29
SA 120 BTH 15
SA 30 BTH 52
SA 65 BTH 11
SA 51 BTH 31
SA 18 BTH 29
SA 0 Control 13
SA 38 Control 53
SA 112 Control 12
SA 3 Control 47
SA 30 Control 46
SA 16 Control 69
SA NA Control 39
SA 28 Control 7
SA 0 Control 0
SA 0 Control 10
MelJA 59 Control 0
MeJA 3 Control 42
MeJA 32 Control 38
MeJA 60 Control 66
MeJA 22  Control 32
MeJA 18 Control 86
MeJA 13 Control 19
MeJA 5 Control 76
MeJA 10 Control 65
MeJA 7 Control 29
MeJA 83 Control 50
MeJA 51 Control 38
MeJA 54  Control 3
MeJA 42 Control 63
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MeJA
MeJA
MeJA
MeJA
MeJA
MeJA
BTH
BTH
BTH
BTH
BTH
BTH
BTH
BTH
BTH
BTH

33

24
34

15
42
14
25
32
17
59

36

Control
Control
Control
Control
Control
Control
Control
Control
Control
Control
Control
Control
Control
Control
Control
Control
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Treatment
LG
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G
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LG
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G
G
G
LG
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Appendix 4 — Additional Data (P. Judge)

Plot

18
22
14
10
18
17
12
11
14
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20

16
13

19
15
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16

13

23
17
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Plant
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Mass.g.
565.81
411.35
229.99
239.16
282.03
438.33
290.84
760.27
366.52
225.57
324.45
654.97
332.11

368.2
274.23
740.37
143.83
310.15
379.67
570.53
365.36
354.09
353.36
290.41
739.47
418.78
201.64
399.38
316.36
254.44
230.97

72.76
108.29
472.97
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168.93
296.62
195.28
321.55
227.3
170.48
424.25
314.63
240.07
244.22
767.63
195.87
662.05
398.53
2233
437.51
717.93
512.31
295.37
322.04
576
908.38
123.38
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plant
bayR1
bayR2
bayR3
bayR4
bayR5
bayG1
bayG2
bayG3
bayG4
bayG5
bayB1
bayB2
bayB3
bayB4
bayB5
burneyR1
burneyR2
burneyR3
burneyR4
burneyR5
burneyG1
burneyG2
burneyG3
burneyG4
burneyG5
burneyB1
burneyB2
burneyB3
burneyB4
burneyB5
diplomatR1
diplomatR2
diplomatR3
diplomatR4
diplomatR5
diplomatG1

value
138.762537
134.312501
140.853212
143.140953
128.369379
161.177835
169.877809
166.50621
169.511527
152.743156
152.458549
174.133417
166.24634
164.648259
156.966213
117.320803
106.889736
101.683739
115.623243
120.089333
154.321168
140.194889
132.122605
141.858982
141.852047
153.03287
144.16411
128.664599
130.455745
134.940121
137.345432
138.26465
108.072003
147.663244
128.183806
155.935257

Average
137.087717

163.963307

162.890555

112.321371

142.069938

138.251489

131.905827

156.220299

plant

gypsyB4
gypsyB5
imperialR1
imperialR2
imperialR3
imperialR4
imperialG1
imperial G2
imperialG3
imperialG4
imperialB1
imperialB2
imperial B3
imperialB4
lieutenantR 1
lieutenantR2
lieutenantR3
lieutenantR4
lieutenantG1
lieutenantG2
lieutenantG3
lieutenantG4
lieutenantB1
lieutenantB2
lieutenantB3
lieutenantB4
snowcrownR 1
snowcrownR2
snowcrownR3
snowcrownR4
snowcrownRS5
snowcrownG1
snowcrownG2
snowcrownG3
snowcrownG4
snowcrownG5

299

value
145.443664
168.364503
141.974878
149.935926
133.194971
124.256791
165.500972
177.484027
159.905375
158.817442
162.166727
182.142545
161.960792
152.438792
97.6589761
138.913756
135.619112
133.884189
127.753725
167.084379
162.422488
162.05563
131.627112
165.083892
160.00193
153.515317
203.056389
174.585859
180.749647
122.183711
162.154022
215.905778
184.016154
189.036029
155.532693
178.26794

Average

142.972707

164.774909

151.273566

126.765952

150.188667

162.656928

168.545926

184.551719



diplomatG2
diplomatG3
diplomatG4
diplomatG5
diplomatB1
diplomatB2
diplomatB3
diplomatB4
diplomatB5
emeraldR1
emeraldR2
emeraldR3
emeraldR4
emeraldR5
emeraldG1
emeraldG2
emeraldG3
emeraldG4
emeraldG5
emeraldB1
emeraldB2
emeraldB3
emeraldB4
emeraldB5
everestR1
everestR2
everestR3
everestR4
everestGl
everestG2
everestG3
everestG4
everestB1
everestB2
everestB3
everestB4
gypsyR1
gypsyR2
gypsyR3

168.11217
136.495169
168.525072
152.033829
153.214466
174.600124
126.321516
170.252964
152.572823
133.242237
146.115588
119.582111
102.450999
157.606617
158.648466
170.305422
119.582111

127.77537
182.008406
163.264322
178.208733
150.721053
128.862306
180.268707
121.235592
144.662292
122.969051
80.8934921
157.391988
172.696542
156.236103
102.025161
155.067427
169.756633
147.238325
93.8706996
137.433839
109.954594
104.044553

155.392379

131.79951

151.663955

160.265024

125.430483

148.683444

140.673385

120.233376

snowcrownB1
snowcrownB2
snowcrownB3
snowcrownB4
snowcrownB5
damagedR1
damagedR2
damagedR3
damagedR4
damagedR5
damagedGl
damagedG2
damagedG3
damagedG4
damagedG5
damagedB1
damagedB2
damagedB3
damagedB4
damagedB5
packman_oldR1
packman_oldR2
packman_oldR3
packman_oldR4
packman_oldRS5
packman_oldG1
packman_oldG2
packman_o0ldG3
packman_oldG4
packman_oldG5
packman_oldBl1
packman_oldB2
packman_oldB3
packman_oldB4
packman_oldB5
packmanR1
packmanR2
packmanR3
packmanR4
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193.631399
172.412519
170.574034
133.874282
163.717301
227.840618
237.408046
201.497668
237.359325
202.566569
198.386253
205.698308
182.278939
219.529707
174.14217
109.99188
131.720816
124.985139
134.532626
111.936708
163.728823
149.963246
124.8628
136.630614
153.677601
164.935562
156.355096
138.120488
141.365657
160.20884
168.286976
165.117512
149.746885
141.018218
153.466714
124.523521
147.726586
104.579046
114.785525

166.841907

221.334445

196.007076

122.633434

145.772617

152.197129

155.527261

121.026895



gypsyR4
gypsyR5
gypsyGl
gypsyG2
gypsyG3
gypsyG4
gypsyG5
gypsyBl1
gypsyB2
gypsyB3

120.003144
129.730753
159.729618
136.613377
132.912958
141.012255
154.947041

160.60932
149.824407
136.234746

145.04305

152.095328

packmanR5
packmanG1
packmanG2
packmanG3
packmanG4
packmanG5
packmanB1
packmanB2
packmanB3
packmanB4
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113.519794
130.569341
159.163869
104.579046
116.581514
119.769005
103.745781
152.696055
99.2016211
109.997733

126.132555

115.295272



Appendix 5 — Additional Data (D. Bartolanzo)

Treatment  Replicate larvae Treatment Replicate larvae
Water 1 0 Peppermint 9 0
Water 1 0 Peppermint 10 11
Water 2 0 Peppermint 10 0
Water 2 0 Peppermint 11 0
Water 3 0 Peppermint 11 0
Water 3 3 Peppermint 12 0
Water 4 2 Peppermint 12 0
Water 4 0 Peppermint 13 0
Water 5 0 Peppermint 13 0
Water 5 0 Peppermint 14 0
Water 6 0 Peppermint 14 0
Water 6 0 Peppermint 15 0
Water 7 0 Peppermint 15 0
Water 7 0 Peppermint 16 0
Water 8 0 Peppermint 16 0
Water 8 0 Peppermint 17 0
Water 9 16 Peppermint 17 0
Water 9 0 Cumin 1 0
Water 10 5 Cumin 1 7
Water 10 0 Cumin 2 0
Water 11 0 Cumin 2 0
Water 11 0 Cumin 3 0
Water 12 0 Cumin 3 0
Water 12 0 Cumin 4 0
Water 13 0 Cumin 4 0
Water 13 0 Cumin 5 0
Water 14 0 Cumin 5 6
Water 14 0 Cumin 6 0
Water 15 0 Cumin 6 0
Water 15 0 Cumin 7 0
Water 16 0 Cumin 7 0
Water 16 0 Cumin 8 0
Water 17 0 Cumin 8 0
Water 17 0 Cumin 9 0
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Cumin
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Peppermint
Peppermint
Peppermint
Peppermint
Peppermint
Peppermint
Peppermint
Peppermint
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Peppermint
Peppermint
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Black Pepper
Black Pepper
Black Pepper
Black Pepper
Black Pepper
Black Pepper
Black Pepper
Black Pepper
Black Pepper
Black Pepper
Black Pepper
Black Pepper
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Appendix 6 — Additional Data (J. Samuel)

TREATMENT H NH NC S
Eucalyptus
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Appendix 7 — Additional Data (L. Heinemann)

Treatment Leaves Larvae
UTC 6 26
UTC 6 11
UTC 7 35
UTC 7 32
UTC 8 32
UTC 8 9
UTC 8 NA

UTC 6 16
UTC 7 19
UTC 7 30
UTC 8 28
UTC 6 18
UTC 6 23
WTG 6 13
WTG 7 0
WTG 8 12
WTG 8 31
WTG 6 22
WTG 7 12
WTG 8 5
WTG 7 8
WTG 7 18
WTG 6 14
WTG 6 24
WTG 8 9
LMG 6 14
LMG 7 19
LMG 6 5
LMG 7 18
LMG 7 7
LMG 6 5
LMG 7 21
LMG 7 16
LMG 6 11
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Appendix 8 — Additional Data (P. Filho)

Compound Concentration Treatment Control No Choice  Stress
MeJA 50 1 0 0
MeJA 50 0 1 0
MeJA 50 0 0 1
MeJA 50 0 1 0
MeJA 50 0 0 1
MeJA 50 0 0 1
MeJA 50 0 0 1
MeJA 50 0 0 1
MeJA 50 0 0 1
MeJA 50 0 0 1
MeJA 50 0 0 1
MeJA 50 0 0 1
MeJA 50 0 0 1
MeJA 50 0 0 1
MeJA 50 0 0 1
MeJA 50 0 1 0
MeJA 50 0 1 0
MeJA 50 0 0 1
MeJA 50 1 0 0
MeJA 50 0 1 0
MeJA 50 0 1 0
MeJA 50 0 0 1
MeJA 50 0 1 0
MeJA 50 0 0 1
MeJA 50 0 0 1
MeJA 50 0 0 1
MeJA 50 1 0 0
MeJA 50 0 0 1
MeJA 50 0 0 1
MeJA 50 0 1 0
BTH 50 0 0 0
BTH 50 0 1 0
BTH 50 0 0 0
BTH 50 0 1 0
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Appendix 9 — Field Data 2015

Hallett 722 Hallett 819

Treatment

Bed
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L

Block

NA
NA

NA
NA

NA

NA

326



1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L

NA

NA

327



1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L
1L

328



IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR

NA

NA

NA

NA

329



IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR

NA

NA

NA

NA

330



IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR
IR

NA

NA

NA

NA

NA

331



Appendix 10 — Field Data 2016

cultivar planting block damage 7 27 damage 8 3 damage 8 27
everest 1 1 3 1 3
everest 1 1 0 0 3
everest 1 1 0 0 3
everest 1 1 0 2 3
everest 1 1 0 1 3
gypsy 1 1 0 0 3
gypsy 1 1 0 0 3
gypsy 1 1 2 1 3
gypsy 1 1 1 1 3
gypsy 1 1 0 0 1
imperial 1 1 0 0 3
imperial 1 1 0 1 3
imperial 1 1 0 0 3
imperial 1 1 0 0 3
imperial 1 1 0 1 3
baymeadows 1 1 0 0 3
baymeadows 1 1 0 0 3
baymeadows 1 1 0 0 3
baymeadows 1 1 0 0 3
baymeadows 1 1 1 2 3
diplomat 1 1 0 0 3
diplomat 1 1 0 0 3
diplomat 1 1 0 0 0
diplomat 1 1 0 0 0
diplomat 1 1 0 0 3
burney 1 1 1 1 0
burney 1 1 1 3 0
burney 1 1 2 1 2
burney 1 1 3 2 2
burney 1 1 2 1 3
emeraldcrown 1 1 1 1 3
emeraldcrown 1 1 2 2 3
emeraldcrown 1 1 3 2 3
emeraldcrown 1 1 1 2 3
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Cultivar Date Order Color Value

bay 6-Jul 1 red 77.9471975
bay 6-Jul 1 green 100.410941
bay 6-Jul 1 blue 72.8675317
bay 6-Jul 1 red 58.6029081
bay 6-Jul 1 green 92.6130621
bay 6-Jul 1 blue 89.2383882
bay 6-Jul 1 red 158.360366
bay 6-Jul 1 green 198.314122
bay 6-Jul 1 blue 188.335964
bay 6-Jul 1 red 132.932391
bay 6-Jul 1 green 167.663214
bay 6-Jul 1 blue 172.197413
bay 6-Jul 1 red 124.840372
bay 6-Jul 1 green 171.371704
bay 6-Jul 1 blue 167.537629
burney 6-Jul 1 red 57.9776113
burney 6-Jul 1 green 81.4035442
burney 6-Jul 1 blue 80.6706826
burney 6-Jul 1 red 84.7767735
burney 6-Jul 1 green 110.15181
burney 6-Jul 1 blue 95.698138
burney 6-Jul 1 red 149.35207
burney 6-Jul 1 green 193.37999
burney 6-Jul 1 blue 178.877958
burney 6-Jul 1 red 113.242474
burney 6-Jul 1 green 152.196024
burney 6-Jul 1 blue 159.398116
burney 6-Jul 1 red 139.597376
burney 6-Jul 1 green 181.958878
burney 6-Jul 1 blue 182.306081
diplomat 6-Jul 1 red 38.8453529
diplomat 6-Jul 1 green 61.1748438
diplomat 6-Jul 1 blue 65.2158601
diplomat 6-Jul 1 red 30.6742239
diplomat 6-Jul 1 green 54.909777
diplomat 6-Jul 1 blue 61.9614576
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Appendix 11 — Field Data 2017

Row Plant Hallett mass
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