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Thesis Abstract

Induced resistance (IR) agents are molecules of varied origins that can sensitise the plant immune 
system for a faster and/or stronger deployment of inducible defences upon pathogen exposure. 
These agents provide durable broad-spectrum protection, because they act on multiple defence 
genes and pathway, and generally lack direct biocidal activity making them less damaging for 
the environment. Accordingly, disease protection by IR agents holds promise as an alternative 
to traditional pesticides. However, owing to variable protection efficacy and detrimental side 
effects on growth and yield, the adoption of IR agents in crop protection schemes remains low. 
While the efficacy of IR agents can be improved by increased dosage, this often also increases 
their detrimental effects on plant growth and yield. This PhD thesis presents a research project 
that aimed to optimise the cost-benefit balance of chemical IR in two pathosystems, tomato-
Botrytis cinerea and lettuce-Bremia lactucae, using three separate IR agents, β-aminobutyric acid 
(BABA), R-beta-homoserine (RBH) and chitosan (ChP). By exploiting hyperspectral imaging 
to track disease and chemical stresses non-destructively, I first developed a method to specifically 
quantify the chemical stress responses associated with relatively high doses of the IR agents. 
Following that, I developed hyperspectral markers that specifically quantify the IR responses 
against both plant diseases. From these two approaches, I used these hyperspectral markers to test 
a set of combined low-concentration doses of IR agents in the lettuce-B. lactucae interaction to 
optimise the IR response, while minimising the associated stress response. This approach revealed 
that combinations of low concentrations of BABA and RBH can deliver synergistic levels of 
protection against B. lactucae without detrimental costs on plant growth. 
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Chapter 1 
General introduction 

1.1 The impact of plant diseases on food security

Food security is one of the most complex challenges of the 21st century, and plant health is a vital 
part of achieving it. In the short-term, after a steady decline from the beginning of the century, 
the number undernourished people in the world sharply increased as result of the COVID-19 
pandemic, with more than 700 million people facing hunger in 2021 (FAO, 2021b). The 
continuing impact of the pandemic on incomes and supply chains is worsening food insecurity 
in many countries (World Bank, 2022). Increasing energy prices (IEA, 2021) growing violent 
conflicts (ICG, 2021),and a fracturing global order (Tisdall, 2022), suggest food production 
and distribution systems will continue to deteriorate. In the longer-term, the prediction is that 
a 60% increase in food production is required to feed a population of 10 billion in 2050 while 
also navigating the effects of a changing climate (Hunter et al., 2017). Plants have a key role in 
this complex challenge, they provide over 80% of the food humans consume (FAO, 2021a) and 
nearly all livestock feed (Mottet et al., 2017). Consequently, plant pests and diseases have a large 
impact on food security. Estimates for food crop losses due to plant diseases range from 10.1 to 
28.1% (Ristaino et al., 2021). Thus, plant protection measures are a cornerstone of current and 
future global food security strategy. 

1.2 The need to diversify plant protection methods

The use of biocidal chemicals to combat plant pests and diseases has made it possible to increase 
crop yields. However, there is increasing interest in diversifying from these protection methods 
to mitigate some of their inherent shortcomings (Barzman et al., 2015; Lechenet et al., 2017; 
Pertot et al., 2017). In recent decades, the philosophy behind the control of these pests and 
pathogens has been driven by a ‘zero tolerance’ approach, where elimination of the causal agents 
is the unstated aim. This has rarely, if ever, been achieved. Instead the extreme selection pressures 
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exerted on the surviving pest and pathogen populations has often rendered genetic resistance 
ineffective (Mundt, 2014; Crété et al., 2020) or has resulted in populations acquiring resistance 
to biocidal chemical agents (Ishii, 2006; Deising, Reimann and Pascholati, 2008; Lucas, Hawkins 
and Fraaije, 2015). Though the use of these biocidal agents has enabled substantial increases in 
agricultural productivity, they are associated with a plethora of proven or perceived negative 
health and environmental effects and there is a widespread desire to reduce their use (Aktar, 
Sengupta and Chowdhury, 2009; Nicolopoulou-Stamati et al., 2016; Zubrod et al., 2019). An 
alternative approach with potential is to take advantage of recent advances in our understanding 
of plant-microbe interactions and use control strategies that leverage the plant immune system in 
a systems context, namely Integrated Pest (/crop) management. 

1.3 The plant immune system

Plants possess a sophisticated innate immune system that provides the first line of defence against 
attackers. This is controlled by a complex network of interconnected signalling pathways that are 
directly activated upon recognition of Microbe-Associated Molecular Patterns (PAMPs) and/or 
Damage-Associated Molecular Patterns (DAMPs). The model of plant–pathogen interactions by 
Jones and Dangl, (2006), also referred to as the ‘zig-zag’ model (Fig 1.1), is perhaps the most popular 
model of the plant innate immune system which distinguishes three forms of disease resistance. 
Effector-triggered immunity (ETI) – commonly known as race-specific or vertical resistance – is a 
qualitative form of disease resistance that relies on the presence of single resistance genes (R). The 
associated R proteins enable direct or indirect recognition of susceptibility-inducing pathogen 
effectors and activate a rapid immune response, which is typically associated with hypersensitive 
cell death. Accordingly, ETI provides high levels of protection against biotrophic pathogens (Cui, 
Tsuda and Parker, 2015). However, because of its monogenic nature, ETI has a narrow range of 
taxonomic effectiveness and limited durability due to the evolutionary pressures on pathogens 
to evolve alternative effectors, thereby avoiding recognition by R proteins (García-Arenal and 
McDonald, 2003; Mundt, 2014). Pattern Triggered Immunity (PTI) is a quantitative form of 
disease resistance, which provides high-level resistance against a broad range of attackers. PTI is 
triggered by a multitude of conserved molecular patterns that are produced during infestation 
or infection by pests and diseases respectively, which activate a range of different pathways and 
defence mechanisms that become active at different stages of the interaction. However, PTI is not 
sufficiently effective against virulent pathogens (Jones and Dangl, 2006; Couto and Zipfel, 2016), 
which employ effector molecules that subvert PTI-controlling pathways, a process commonly 
referred to as Effector-Triggered Susceptibility (ETS) (Jones and Dangl, 2006; Pel and Pieterse, 
2013). In addition to PTI-suppressing effectors, ETS by biotrophic pathogens also involves 2nd 
level effectors that suppress ETI-related signalling and hypersensitive cell death-related (Jones 
and Dangl, 2006; Rajamuthiah and Mylonakis, 2014; Thordal-Christensen, 2020). Within 



3

the framework of the zig-zag model by Jones and Dangl (2006) the residual level of resistance 
after ETS-mediated repression of PTI and ETI is referred to as basal resistance (BR). Since its 
inception, the zig-zag model has been interpreted as a co-evolutionary arm’s race, during which 
pathogens evolved ETS to suppress PRR-dependent PTI and plants counter-evolved R-proteins 
to recognise effector activity and activate ETI. 

D
ef

en
ce

 a
m

pl
itu

de

Threshold for 
HR response

Threshold for
 effective resistance

ETS ETI ETS ETIPTI

Effectors

R gene

PAMP

Fig 1.1 | The ‘zig zag model’. A scheme showing the co-evolution between plants and biotrophic 
pathogens in successive steps. Recognition of PAMPs by plant PRRs lead to PAMP-triggered 
immunity (PTI). Under subsequent selection pressure, pathogen develops effectors that disable PAMP 
recognition and effector- triggered susceptibility (ETS) ensues. Some plants acquire R genes that 
encode proteins that recognise effectors which leads to effector triggered immunity (ETI). Pathogens 
develops effectors to circumvent ETI leading to ETS and the evolutionary arms race continues. 
Reproduced from Jones and Dangl (2006).

Although proven exceedingly useful for the conceptual interpretation of plant innate immunity 
and evolution, the zig-zag model is not without limitations (Pritchard and Birch, 2014). Foremost 
among them is that the model only represents plant innate immunity against biotrophic 
pathogens. Furthermore, while it is acceptable to portray ETI, PTI and BR as different types 
of resistance within an evolutionary context, they are remarkably similar from a mechanistic 
point. All three types of resistance share similar signalling pathways and defence mechanisms 
that become active during different stages of the interaction with avirulent, non-host and virulent 
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pathogens, respectively (Tsuda and Katagiri, 2010; Naveed et al., 2020). These pathways and 
mechanisms include relatively early-acting local defences, such as the accumulation of reactive 
oxygen species and cell wall reinforcements (Luna et al., 2011; Qi et al., 2017; Bacete et al., 2018; 
Kuźniak and Kopczewski, 2020). Also, there are later-acting defences that are controlled by de 
novo produced defence hormones, such as salicylic acid (SA), jasmonic acid (JA), ethylene (ET) 
and abscisic acid (ABA) (Ton, Flors and Mauch-Mani, 2009; Pieterse et al., 2012), which all 
interact with each other to prioritise and fine tune an appropriate immune response (Koornneef 
and Pieterse, 2008; Vos et al., 2015). Hence, from a mechanistic point of view, there is no clear 
partition between ETI, PTI and BR. 

Although the plant innate immune system protects against the majority of potentially hostile 
microbes, it cannot prevent infection and damage by virulent pathogens. To minimise damage 
by these attackers, plants have evolved the ability to augment the level of innate immunity 
by forming a memory of previous pathogen encounters, resulting in a faster and/or stronger 
deployment of inducible plant defence mechanisms upon subsequent encounters. This so called 
defence priming results in induced resistance (IR), which is a form of phenotypic plasticity and 
can thus be regarded as plant acquired immunity (Wilkinson et al., 2019). IR is often systemically 
expressed and has the benefits of being durable with broad-spectrum effectiveness, while also 
providing protection that is stronger than BR (Walters et al., 2005). 

1.4 The rise of chemical IR agents

Given the ability to augment plant resistance, many natural and synthetic IR-eliciting agents 
have been identified and characterised in detail. Initially, it was hoped these IR agents might 
provide benign means of protecting crops. Six decades ago, Ross, (1961) observed that localised 
infection of tobacco plants with tobacco mosaic virus (TMV) leads to immunity in distal non-
infected leaves. This so called systemic acquired resistance (SAR) is a form of IR and is dependent 
on the plant defence hormone salicylic acid (SA) and the defence regulatory protein NPR1 
(Sticher, Mauch-Mani and Métraux, 1997). Activation of this pathway results in direct activation 
and priming of a wide range of different basal defence mechanisms, including the production 
Pathogenesis Related (PR) proteins. The priming associated with SAR can provide long-lasting 
protection against a broad spectrum of (hemi-)biotrophic pathogens (Ross, 1961; Sticher, Mauch-
Mani and Métraux, 1997; Spoel and Dong, 2012; Wilkinson et al., 2019). In subsequent studies, 
it became clear that there are additional IR responses, which are controlled by partially different 
signalling pathways. For instance, induced systemic resistance (ISR), which is triggered by root 
colonization with beneficial soil microorganisms, such as plant growth-promoting rhizobacteria 
(PGPR), endophytic plant growth-promoting fungi (PGPF) and arbuscular mycorrhizal fungi 
(AMF), is under control by a signalling pathway partially different from SAR. In Arabidopsis, 
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ISR is dependent on the defence regulatory protein NPR1 but operates independently of SA 
(Pieterse et al., 1996) .Instead, ISR is typically based on a priming of JA- and ET-dependent 
signalling pathways (Pieterse et al., 1998, 2014). Based on prior discovery of JA as a wound-
responsive defence hormone in plants (Farmer and Ryan, 1992), JA and its methylated derivative 
methyl-jasmonic acid (MeJA) have often been used as chemical IR agents against herbivores and 
necrotrophic pathogens (Délano-Frier et al., 2004; Mageroy et al., 2020). Moreover, while SAR is 
predominantly effective against biotrophic pathogens, ISR is more effective against necrotrophic 
pathogens (Ton et al., 2002; Van Wees, Van der Ent and Pieterse, 2008). Further evidence, 
for the existence of alternative forms of IR came from the characterisation of β-aminobutyric 
acid-induced resistance (BABA-IR). BABA is a non-protein amino acid that is produced in low 
concentrations by stressed plant tissues (Thevenet et al., 2017). Perception of BABA is dependent 
on the IBI1 receptor gene, which encodes an aspartyl-tRNA synthetase and controls BABA-IR 
against downy mildew and necrotrophic fungi (Luna, van Hulten, et al., 2014). Furthermore, 
the underlying signalling pathways of BABA-IR vary according to the challenging pathogen 
and can either be SA-dependent or SA-independent (Zimmerli et al., 2000; Ton et al., 2005), 
providing broad-range protection against biotrophic and necrotrophic pathogens (Cohen, Vaknin 
and Mauch-Mani, 2016). The three classic examples of SAR, ISR and BABA-IR illustrate IR is 
controlled by a variety of different defence signalling pathways, depending on the eliciting agent, 
plant species and challenging pathogen. Despite this diversity, all IR responses share the common 
characteristic that they augment the effectiveness of BR through either a direct up-regulation or 
a priming of basal defence mechanisms (Wilkinson et al., 2019).

To maximise the benefits of SAR, White, (1979) showed that injections of SA, aspirin and 
benzoic acid, each elicited SAR against tobacco mosaic virus (TMV) in tobacco. This pioneering 
experiment showed that SAR can be triggered without having to infect plants with pathogens and 
heralded an era of research into chemical IR agents. Research throughout the 1980s and 1990s led 
to the development of several functional SA analogues that act as potent SAR inducers, of which 
the best known are 2,6-dichloroisonicotinic acid (INA) and its derivative Acibenzolar-S-methyl 
(ASM). INA was shown to provide high level of protection in different crops including barley, 
cucumber and rice (Kogel et al., 1994; Hijwegen and Verhaar, 1995; Schweizer, Buchala and 
Métraux, 1997). Similarly, ASM showed high resistance-inducing efficacy in a range of different 
crop pathosystems (Görlach et al., 1996; Benhamou and Bélanger, 1998a, 1998b; Godard et al., 
1999). Based on these results, Syngenta launched Actigard®/Bion® as the first commercial IR agent, 
which includes ASM as the active ingredient. Other IR agents, such as BABA (Cohen, Vaknin 
and Mauch-Mani, 2016; Thevenet et al., 2017) and Chitosan, a polymeric derivative of chitin 
(Trotel-Aziz et al., 2006), yielded similarly high levels of crop protection against economically 
devastating plant diseases. Accordingly, IR agents emerged as potential alternative to fungicides, 
since they show little or no direct toxicity towards the pathogen or environment, while providing 
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broad-spectrum protection through augmentation of durable BR (Alexandersson et al., 2016).

1.5 The fall of chemical IR agents

The initial ambition to employ chemical IR agents as main-stream crop protection products never 
materialised, which was largely due to undesirable non-target effects on plant growth and seed 
and variable efficacy against diseases. This was first highlighted by Heil et al., (2000), who showed 
that wheat plants treated with ASM had lower biomass, developed fewer shoots and produced 
fewer seeds compared with untreated plants and this was particularly pronounced in plants grown 
with a limited nitrogen supply. Although a direct up-regulation of basal defence mechanisms 
could achieve high levels of protection, the associated costs made these agents less attractive for 
commercial exploitation as crop protection products. It was argued that the deployment of IR 
agents is only beneficial under conditions of high disease pressure, where the associated costs 
are outweighed by the benefits of disease protection (Heil et al., 2000; Heil and Baldwin, 2002; 
Walters and Heil, 2007; Walters and Fountaine, 2009). Besides being metabolically costly, IR 
activators could also be phytotoxic. INA and its derivatives were deemed too toxic for agricultural 
use (Bektas and Eulgem, 2014). Similarly, BABA was found to cause toxicity via inhibition 
of AspRS enzyme activity (Luna, van Hulten, et al., 2014). A third obstacle associated with 
chemical IR agents is that their efficacy can be highly variable between plant genotypes. In both 
cucumber (Hijwegen and Verhaar, 1995), and soybean (Dann et al., 1998) INA efficacy varied by 
genotype. Efficacy may also be affected by the pathogen strain. In tomato, disease protection by 
BABA not only varied by host genotype but also by Phytophthora infestans isolate (Sharma, Butz 
and Finckh, 2010). Additionally, there is compelling evidence that environmental conditions 
affect the outcome of chemically induced IR (Dietrich, Ploss and Heil, 2005; Walters, 2010). 
Furthermore, chemically induced IR is generally transient lasting at most weeks (Knoth et al., 
2009; Luna, López, et al., 2014; Sós-Hegedűs et al., 2014; Rodriguez-Salus et al., 2016) which 
necessitates multiple applications. This complex interplay of variables affecting IR efficacy has 
impeded wide-spread adoption of chemical IR agents in agriculture and horticulture.

1.6 The resurrection of chemical IR agents

Despite these complications, IR agents could still have potential as effective crop protection 
products and researchers continued to explore methods of improving their efficacy. One of the 
biggest drawbacks to IR agent utilisation was that they often exerted a high metabolic cost on 
plants. However, it was found that the costs associated with prolonged expression of defences, has 
resulted in the evolution of priming as a more cost-efficient strategy for IR, which allows plants 
to mount a faster and/or stronger BR response against attackers (Conrath et al., 2006; Martinez-
Medina et al., 2016). Although priming typically manifests itself as a long-term consequence 
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of transient defence induction to biotic stress, chemical IR agents can serve as suitable priming 
stimuli when applied in relatively low doses (Walters and Heil, 2007). In some instances, plants 
receiving such treatments have been shown to display minimal defence induction before pathogen 
encounter, although their effectiveness tends to be lower than chemically induced IR mediated 
by direct up-regulation of defences (van Hulten et al., 2006; Wang et al., 2015). Furthermore, IR 
via priming is still associated with a reduction in plant growth and seed set, albeit minor, which 
can make it unfavourable in stress-free conditions (Martinez-Medina et al., 2016; Douma et al., 
2017; Wilkinson et al., 2019). However, these costs are outweighed by the benefits of protection 
under stressful conditions (van Hulten et al., 2006; Walters and Fountaine, 2009; Martinez-
Medina et al., 2016). Given the significance of priming for plants in their natural environment, 
it has strong potential to be developed into an energetically (and environmentally) benign plant 
protection strategy. To this end, it is necessary to ascertain how a given IR chemical behaves - for 
instance, at what concentrations do IR agents switch from priming activity to a more costly direct 
induction of basal defences? Regardless of the nature of the priming stimuli, Martinez-Medina et 
al. (2016) proposed a set of sequential criteria that must be satisfied, namely 1) a memory of the 
priming stimulus with a low fitness cost, and 2) a stress trigger that induces a faster and/or stronger 
defence response resulting in improved disease protection. Indeed, since the potential of priming 
was highlighted by Conrath et al. (2006), the capacities of priming chemicals, both natural and 
synthetic, have been documented in a variety of plant pathosystems (Walters, Newton and Lyon, 
2014). Although priming with IR agents can be less energetically costly, it often produced limited 
efficacy and variable performance.  Nevertheless, strategies to optimise their performance have 
been explored and in particular, combined treatments strategies have shown encouraging results. 

Several studies have shown that chemical IR agents and biological control agent (BCAs) in 
combination results in improved disease control. BCAs are naturally occurring communities 
antagonistic to specific plant pests and pathogens that have minimal non-target effects (Cook, 
2000). In bread wheat plants (Triticum aestivum  L.) receiving combined Methyl jasmonate 
(MeJA) and Trichoderma harzianum UBSTH-501, spot blotch (Bipolaris sorokiniana) 
symptoms were reduced significantly in comparison to plants receiving either treatment alone 
(Singh et al., 2019). In another study, MeJA, SA and T. harzianum treatments individually 
gave a similar level of protection against Fusarium oxysporum wilt disease in tomato. However, 
their combination resulted in a synergistic induction of tomato antioxidant defences against F. 
oxysporum (Zehra et al., 2017). Similarly, combining T. harzianum and ASM was significantly 
better at controlling Botrytis fabae disease severity in faba bean plants than either treatment alone 
(Abd El-Rahman and Mohamed, 2014). Other BCAs have also shown to complement chemical 
IR agents. For instance, the saprophytic yeast-like fungus Aureobasidium pullulans CG163 in 
combination with ASM showed significantly reduced leaf spot incidence compared to untreated 
plants. The CG163+ASM combination treatment was more effective than either treatment 
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alone (de Jong et al., 2019). BCA-chemical IR agent combinations, in addition to improving 
protective efficacy, have also been shown to improve growth. In bread wheat plants, combined 
MeJA and T. harzianum treatment resulted in significantly higher biomass, both in the presence 
and absence of B. sorokiniana infection (Singh et al., 2019). In tomato, combining MeJA or SA 
with T. harzianum improved the protection against F. oxysporum disease incidence more than 
treatment with SA or MeJA alone. Furthermore, due the improved protection, biomass was also 
significantly higher in plants receiving the combined treatment (Zehra et al., 2017).
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Fig 1.2 | Plant defence priming. A representation of the effects defence inducing stimuli on the 
amplitude of plant defence. Treatment with a stimulus (e.g. large dose) leads to direct induction of 
defences (red line). This direct induction is metabolically costly. An appropriate stimulus leads to 
defence priming (green line). The primed plant responds faster/stronger to a challenge. An untreated 

naïve plant (blue line) does not react until after a challenge. Adapted from Heil and Ton (2008).
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Similarly, results from chemical IR agent – biocide combinations show a complementary 
potential in which the deleterious effects of both protection products can be reduced. An 
application of a mixture of BABA and the fungicide mancozeb was significantly more effective 
at controlling potato late blight (Phytophthora infestans) as well as tomato and cucumber 
mildew (Pseudoperonospora cubensis) than either BABA or mancozeb alone. The inclusion of 
BABA in the mancozeb fungicide synergistically increased its efficacy in plants with 5:1 BABA: 
mancozeb showing the highest synergy factor. Application of the BABA and mancozeb mixture 
did not have a synergistic interaction in controlling the pathogens in vitro, thus demonstrating 
BABA-induced resistance enhanced mancozeb fungicide efficacy with lower doses required to 
control disease (Baider and Cohen, 2003). In potato, a combination of BABA and the fungicide 
Fluazinam resulted in a synergistic action against late blight. Furthermore, full Fluazinam 
activity was achieved with a 20–25% lower dose under field conditions (Liljeroth et al., 2010). 
Likewise, ASM efficacy improved in combination with mancozeb. In chickpea plants, repeated 
ASM application protected against chickpea blight (Didymella rabiei) but also resulted in yield 
penalties. Instead, using a ASM – mancozeb mix, with reduced application frequency, grain 
yields were better than those achieved with ASM or mancozeb applications alone (Sharma et al., 
2011). 

Another approach has been the combining of different chemical IR agents. This strategy has 
shown promise under field conditions. In barley, Walters, Havis, Sablou, et al., (2011) found 
improved control of powdery mildew using ASM, BABA and JA combined treatments. Given 
the growth costs associated with higher and more protective doses in many chemical IR agents, 
using low doses of multiple agents for additive or synergistic IR effects with minimal growth 
costs is a potential means of improving their efficacy. In one study, Reuveni, Zahavi and Cohen, 
(2001) established that BABA – ASM mix applied at half the recommended dose had an 
additive effect, effectively controlling Plasmopara viticola in grapevines. Despite the possibility 
to explore the effects of multiple IR agents that prime separate defence pathways that could 
result in positive interactions and the promise from these early studies, the strategy of combined 
chemical IR agents has received little further attention. This research has endeavoured to explore 
this possibility further and systematically evaluate the effects of mixed IR agent treatments in 
selected pathosystems using non-invasive image phenotyping. 

1.7 IR agents selected for combination treatments

β-Aminobutyric acid (BABA) is a small four-carbon non-protein amino acid (Fig 1.3), in which 
the amino group is attached to the third carbon (β position). The β-carbon is chiral and so 
BABA comes in R and S enantiomers (Cohen, Vaknin and Mauch-Mani, 2016), and of these 
only the R enantiomer is associated with IR activity (Cohen, 1994; Cohen, Rubin and Vaknin, 
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2011). BABA-IR is the result of the stereospecific binding of R-BABA to the Impaired in BABA-
induced Immunity 1 (IBI1) receptor (Schwarzenbacher, Luna and Ton, 2014). Treatment with 
BABA has been extensively reported to lead to IR in a wide range of pathosystems (Justyna and 
Ewa, 2013; Cohen, Vaknin and Mauch-Mani, 2016). However, BABA is also associated with 
phytotoxic side effects in many plant species (Wu et al., 2010; Cohen, Vaknin and Mauch-Mani, 
2016; Buswell et al., 2018).

 β-homoserine is another four-carbon non-protein β-amino acid (Fig 1.3). Relative to BABA 
it is a newer IR agent. In a screen for resistance-inducing, BABA structural analogues with less 
phytotoxicity, the R enantiomer of β-homoserine (RBH) was identified as a good candidate. 
Initial studies of RBH found positive IR activity and no significant phytotoxicity in Arabidopsis 
and tomato cv. Micro-Tom (Buswell et al., 2018).

Chitosan is a co-polysaccharide composed of D-glucose amine and N-acetyl-D-glucose (Fig 
1.3), and is produced by the deacetylation of chitin sourced from the exoskeleton of crustaceans 
(Elieh-Ali-Komi, Hamblin and Daniel, 2016). This naturally occurring polysaccharide generally 
lacks toxicity in plants and is some cases has been associated with plant growth promotion (De 
Vega et al., 2021). Chitosan has also been reported to induce resistance in many pathosystems 
(Hadrami et al., 2010; Malerba and Cerana, 2016).

β-Aminobutyric acid (R)-β-Homoserine Chitosan

Fig 1.3 | Selected chemical IR agents. The chemical structures of the IR agents: β-Aminobutyric 
acid, (R)-β-Homoserine and Chitosan.

1.8 Pathosystems for testing IR agent combination treatments

1.8.1 Tomato-Botrytis cinerea

Botrytis cinerea is a necrotrophic fungal pathogen that is the causal agent of grey mould disease 
(Williamson et al., 2007). This pathogen has a broad host range of more than 200 plant species 
including almost all fruit and vegetable crops (Williamson et al., 2007; Weiberg et al., 2013). 
B. cinerea triggers both pre-harvest and post-harvest disease (Williamson et al., 2007), and 
causes global annual economic losses exceeding USD 10 billion (Weiberg et al., 2013). The 
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fungus can exist in different forms including mycelia, sclerotia and conidia and these can serve 
as sources of new infection. The sclerotia are compact and hardened mycelium that contain food 
reserves, which develop inside decaying plant tissue and serve as a long-term survival mechanisms 
(Williamson et al., 2007; Petrasch et al., 2019). In the sclerotia, under appropriate conditions, 
UV light stimulates conidia development and these serve as vectors of infection (Williamson 
et al., 2007). Following infection, sometimes a quiescent symptomless phase, where B. cinerea 
growth is arrested can occur, but normally, B. cinerea will initiate a necrotrophic phase that results 
in mycelium growth and rapid disease spread (Holz, Coertze and Williamson, 2007). Tomato 
(Solanum lycopersicum) is one of the crops most impacted by grey mould disease. Currently 
there are no, commercial tomato cultivars with genetic resistance to B. cinerea, and fungicides 
are the primary means of protection (Smith et al., 2014).

1.8.2 Lettuce-Bremia Lactucae

Bremia lactucae is an obligate biotrophic oomycete that causes downy mildew in lettuce (Lactuca 
sativa). B. lactucae causes severe outbreaks of downy mildew disease worldwide, and is considered 
the biggest threat to lettuce production (Nordskog et al., 2007; Fletcher et al., 2019). In the 
infection cycle of B. lactucae, conidia from a previous infection land on the leaves of a susceptible 
host. These conidia germinate and colonise host leaf cells. Following germination, new conidia 
are released into the surrounding environment. These conidia when deposited on a new host and 
in the presence of water on leaf surfaces germinate to start a new infection. After the initial conidia 
deposit on leaves, downy mildew symptoms become visible 7 to 14 days later (Fall et al., 2015; 
Fall, Van Der Heyden and Carisse, 2016). In agricultural fields, downy mildew outbreaks in 
lettuce tend to be sporadic, and are triggered by specific environmental conditions (Nordskog et 
al., 2007). Generally, disease risk and severity is dependent on the quantity of B. lactucae conidia 
in the fields (Fall et al., 2015). Resistance genes against B. lactucae regularly breakdown (Simko 
et al., 2013; Fletcher et al., 2019) and fungicides are also increasingly failing (Crute and Harrison, 
1988; Brown et al., 2007; Fletcher et al., 2019).

1.9 Using hyperspectral imaging to evaluate combined IR agent 
treatments

Advancements in genome and transcriptome sequencing has enabled an increasing understanding 
of the effects of IR agents on the interaction between plants and pathogens. These methods 
continue to enable the development and characterisation of many IR agent treatments. 
Nevertheless, the ability to phenotype the effects of these IR agents in different pathosystems 
can be a bottleneck in the process of introducing effective IR agent treatments into agricultural 
practices. In the evaluation of the effects of plant disease status, destructive methods like measuring 
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gene expression and microscopy analysis (Fang and Ramasamy, 2015), or non-destructive visual 
scoring that categorises disease severity (Bock, Chiang and Del Ponte, 2022) are commonly used. 
These methods have disadvantages, the former tend to be resource and time intensive, while 
the later suffer from substantial variation in the observed scores between and within individual 
scorers (Fang and Ramasamy, 2015; Bock, Chiang and Del Ponte, 2022). Accordingly, interest 
in optical sensor technologies that enable high-throughput plant phenotyping has grown (Walter, 
Liebisch and Hund, 2015; Mahlein, 2016). Different optical sensor technologies that address 
the phenotyping bottleneck problem have been developed. Chlorophyll fluorescence sensors 
have been used to measure patterns of chlorophyll fluorescence emission in response to biotic 
and abiotic stresses (Baker, 2008). Infrared thermal imaging (thermography) has the capability 
to detect temperature changes in plants in response to diseases (Prashar and Jones, 2014). Red, 
green, and blue (RGB) cameras, which capture light at these eponymous bands, have been 
utilised to detect and measure visible disease symptoms in plants (Humplík et al., 2015). While 
hyperspectral imaging (HSI) sensors are capable of tracking both visible and pre-symptomatic 
disease effects in plants through the detection of physiochemical changes in plants by measuring 
their interaction with the different regions of the electromagnetic spectrum (Mahlein et al., 
2018). Although less precise than destructive gold standard methods like plant defence gene 
expression analysis and microscopy, optical sensors are non-destructive and can measure the same 
individuals over time to give a broader picture. In contrast to visual scoring methods, optical 
sensors are typically more sensitive and consistent (Mutka and Bart, 2015). 

Among these image phenotyping methods, HSI is the most versatile (Mutka and Bart, 2015; 
Mahlein et al., 2018) and was the method of choice in this research. HSI sensors can capture 
electromagnetic radiation in the ultraviolet (UV; 350-400 nm), the visible (VIS; 400-700 nm), 
the near infrared (NIR; 700-1000 nm) and shortwave infrared (SWIR) ranges. In addition to 
capturing wide range of bands, HSI sensors can also have narrow spectral resolution – typically 
≤ 1 nm –, which makes them a powerful phenotyping tool (Mahlein et al., 2018). Such HSI 
sensors can be deployed in the field, mounted on ground vehicles or in the sky on drone, fixed-
wing planes and satellites for remote sensing. However, they are more efficient in laboratory 
settings where they can be deployed at higher spatiotemporal resolutions (Dhondt, Wuyts and 
Inzé, 2013). Typically, in a laboratory setting, HSI systems consist of a mounting platform to 
hold/move the system, a broadband light source to illuminate the sample, a hyperspectral sensor 
to capture reflected light (Fig 1.4A), and a computer for control and data storage (Mahlein et al., 
2018). The HSI system captures spatio-spectral images in the form of hyperspectral data cubes 
(Fig 1.4B) that consist of two spatial and one spectral dimensions (Sarić et al., 2022).
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Fig 1.4 | Hyperspectral phenotyping. (A) Different light bands reflected from leaf surfaces are 
captured by a HSI sensor. (B) This produces a spatio-spectral hyperspectral reflectance data cube. (C) 

Spectral signatures plotted from the reflectance data can be used to assess a plants health status. 

Based on the behaviour of light when it interacts with vegetation, hyperspectral data can be used 
to make inferences about the physiochemical states of plants. When plant leaves are illuminated, 
the light can be transmitted through the tissue, absorbed by chemicals in the tissue or reflected 
from the surface and the interior tissues. These interactions between light and plants, although 
complex, have been extensively characterised (Lowe, Harrison and French, 2017; Mahlein et 
al., 2018). HSI data of this interaction is used to plot spectral reflectance signatures, which 
represent absorption/reflection intensities across the measured bands. Shape, position and 
intensity features in the spectral signature are unique fingerprints representing the condition of 
the imaged plant (Fig 1.4C) (Lowe, Harrison and French, 2017). Characteristically, in vegetation 
spectral signatures, the VIS region shows relatively high absorption due to pigments in leaves. 
Chlorophyll a and b selectively absorb in blue (400-500 nm) and red (600-700 nm) bands. A dip 
in the (500-600 nm) bands is due to less absorption of green light and the reason for the green 
appearance of plants. Other plant pigments also absorb VIS bands. Carotenoids strongly absorb 
blue light (400-500 nm), while anthocyanins absorb in the green region (500-600 nm) (Gay 
et al., 2008; Mahlein et al., 2018). After the VIS region, there is a sharp increase in reflectance 
known as the red edge. After the red edge comes, a high reflectance plateau in the NIR region due 
to the pigments and cellulose in plant leaves transmitting most of the NIR light (Lowe, Harrison 
and French, 2017). Absorption and reflectance in the NIR region in plants is mostly the result 
leaf cellular structure. Beyond the NIR region reflectance decreases in the SWIR region and is 
dominated by absorption due to leave water content (Mahlein et al., 2018).
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Hyperspectral reflectance patterns in plants are affected by abiotic and biotic stresses and 
consequently can be used to assess plant health (Mishra et al., 2017). Nevertheless, these spectral 
signatures are complex, they contain combined information from many plant processes and 
the information is spread across the measured spectrum (Mahlein et al., 2018). One method of 
extracting specific information of interest from the complex spectral signatures has been the use of 
spectral vegetation indices (SVIs). These SVIs are ratios of bands which have been experimentally 
shown to correlate with specific plant properties (Xue and Su, 2017). For example the SVIs: 
ARI2 (Gitelson, Merzlyak and Chivkunova, 2001)., CRI2 (Gitelson et al., 2002) and MCARI2 
(Haboudane et al., 2004), have been shown to track leaf anthocyanin, carotenoid and chlorophyll 
content respectively. Hyperspectral reflectance data and their derived SVIs have been extensively 
utilised to study a wide range of biotic stressors like pathogenic bacteria, fungi and oomycetes 
(Terentev et al., 2022). Similarly, the effects of abiotic stressors on plants, including heavy metals, 
salt and drought have all been studied using HSI (Sytar et al., 2017; Asaari et al., 2019; Lassalle 
et al., 2021). Given this versatility of HSI, it is an appropriate method for studying the effects of 
both chemical IR agents and microbial diseases in plants.  

The use of such HSI data to phenotype plants can be computationally demanding. The hundreds 
spectral bands typically contained in HSI data and the many available SVIs that can be derived 
[See Table 2.1], often result in large and highly dimensional data. To reduce the required 
computational power, often spatially summarised data used (Manjunath et al., 2013; Shrestha et 
al., 2016). Furthermore, to handle the large number of variables contained in typical HSI data, 
various multivariable statistics, and machine learning approaches have been adapted and these 
enable the efficient and robust interpretation of experimentally derived HSI data (Paulus and 
Mahlein, 2020). 

1.10 Scope of PhD thesis

The external application of IR agents enables plants to augment the efficacy of their innate 
immune response to subsequent pathogen encounters. Many such agents, both natural and 
synthetic, have been identified and characterised. These IR agents could offer a less damaging 
alternative to biocidal chemicals in the control of crop diseases. However, their adoption as 
mainstream crop protection products has been hampered because they are often associated 
with growth retardation at higher doses, and their protection can be incomplete and variable. 
Preliminary studies have suggested that combining IR agents has the potential to improve IR 
efficacy through synergistic interactions between the underpinning defence pathways. To date, 
however, this approach has not been adequately explored. The research described in this PhD 
thesis aimed to systematically characterise the potential of chemical IR agents in the tomato-B. 
cinerea and lettuce-B. lactucae pathosystems, using non-destructive hyperspectral imaging (HSI) 
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to separate the beneficial IR effects from the undesirable phytotoxicity effects. IR efficacy and 
phytotoxicity of concentration ranges of the three IR agents β-Aminobutyric acid (BABA), R-β-
Homoserine (RBH) and Chitosan (ChP) were tested in these pathosystems before addressing 
the performance of combinations of these agents in the lettuce lettuce-B. lactucae pathosystem. 

Chapter 2 presents an overview the common materials and methods used in the experiments 
described in this PhD thesis. The first experimental chapter, Chapter 3, describes the optimisation 
and selection of a non-invasive HSI method to quantify plant growth and phytotoxicity in tomato 
and lettuce by IR agents. The selected methods were then used to evaluate dose-dependent 
phytotoxic activities of BABA, RBH and ChP in these plant species. To separate IR effects from 
phytotoxicity effects, Chapter 4 describes the development of a non-destructive HSI method 
that selectively quantifies disease severity by pathogen infection, but that is unaffected by the 
phytotoxicity response to high doses of the IR agents. Using this method, the dose-dependent 
efficacies of the three IR agents were characterized in both the tomato-B. cinerea and lettuce-B. 
lactucae pathosystems. Chapter 5 presents the effects of combining low doses of IR agents with 
minimal phytotoxicity and limited IR effects on lettuce growth and IR efficacy against B. lactucae. 
Using various statistical models, the performance of pairwise combinations of the IR agents 
were evaluated, resulting in the identification of a mixed treatment that yielded synergistic levels 
of disease protection with no side-effects on plant growth. Finally, in chapter 6, the benefits of 
combining chemical IR agents are discussed in a wider context of integrated pest and disease 
management (IPM), placing particular emphasis on the practical considerations of commercial 
deployment of IR agents.   
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Chapter 2 
Materials and general methods 

This chapter contains the details of the materials used in the studies reported in this thesis. In 
addition, the details of shared general methods are presented here. Chapter specific methods are 
reported in the relevant sections.

2.1 Growth chamber conditions 

All experimental stages involving plant germination, growth, chemical application, inoculation 
and imaging, was carried out in the same growth chamber (Fig 2.1). The day conditions in the 
chamber were set to 10 hours of light at an intensity of 200 µmol s-1 m-2 and a temperature 21°C. 
Night conditions were set to 14 hr dark at 19°C.  Humidity was kept constant at 70%.

2.2 Seed germination and plant growth 

To grow Moneymaker tomato (Solanum lycopersicum), seeds were sterilised by washing in 80% 
ethanol for 30 s, then in 4.5% bleach for 4 min and finally in distilled water (dH2O) for 30 s four 
times. The sterilised seeds were germinated in Petri dishes containing 1.2 mg.mL-1 agar gel (No. 
2 Bacteriological, Neogen, USA) in the growth chamber. After six days, the newly germinated 
seedlings were transplanted into 70 mL pots containing 4:1 M3 soil (Levington, UK) and sand, 
and then watered every third day.  

To grow Kavir lettuce (Lactuca sativa), seeds were germinated by sprinkling on top 70 mL pots 
containing 3:1 M3 soil and sand mix. After four days, the newly germinated seedlings were 
transplanted into 70 mL pots containing 3:1 M3 soil and sand mix, and then watered every 
fourth day. 
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Fig 2.1 | Plant growth and phenotyping room. (A) The growth chamber with controlled temperature, 
humidity and lighting, a railing system for plant trays and an imaging system.  (B) The hyperspectral-
imaging camera with halogen lamp and Teflon white reference. (C) Tray for growing plants during 
treatment and imaging.

2.3 Chemical treatment preparation and application 

Enantiopure, R-β-aminobutyric acid (BABA) and R-β-Homoserine (RBH) were synthesised 
and provided by the lab of Beining Chen (Department of Chemistry, The University of Sheffield, 
UK). ChitoPlant®, a water-soluble formulation of chitosan, was kindly provided by ChiPro 
(ChiPro GmbH; Bremen, Germany). Stock solutions of BABA and RBH in dH2O were 
prepared freshly for each experiment. Then treatment solutions at concentrations x10 the 
desired treatment concentrations were prepared from the stock solutions. ChitoPlant® (ChP) 
stock solution was prepared by dissolving the powder in 0.02% v/v Silwet solution by magnetic 
stirring for 30 min. ChP treatment solutions were prepared by appropriate dilutions of the 
stock in 0.02% v/v Silwet. One day after transplanting into soil, seedlings were treated with 
the chemicals. BABA and RBH were applied by soil drenching. In the pots, 7 mL (10% of 
the pot volume) of the appropriate dose solution was placed on top of the soil using a syringe, 
and controls were treated with dH2O. A Petri dish was placed under each pot to catch the 
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run-through solution for re-uptake. ChP was applied by spraying individual seedlings with 
3 mL of appropriate dose solutions controls were sprayed with a similar amount of 0.02% 
v/v Silwet. In all experiments, for each chemical, 5 seedling replicates received each dose. 
However, since statistical power increases with the number of controls (Hong and Park, 
2012), the number of replicates per chemical for the controls was set to 15. 

2.4 Pathogen cultivations and inoculations

Botrytis cinerea strain B05.10 (van Kan et al., 1997) inoculum solution was prepared by cultivating 
a plug of the fungus in Malt Extract Agar (MEA) plate in the dark, at room temperature for 
four days. Then to promote sporulation, the plate was placed under UV light (360 nm) for 12 
hr and returned to the dark for four days. Conidia from the plate were harvested in dH2O, 
the suspension was filtered through Miracloth and centrifuged at 800 rpm for 5 min. The 
supernatant was discarded, the pellet re-suspended in 6 mg mL-1potato dextrose broth (PDB) 
and the concentration adjusted to 106  spores mL-1. The inoculum solution was incubated 
at room temperature for 1.5 hrs. Two days after chemical treatments, tomato seedlings 
were inoculated by placing a 5-μl drop of inoculum in the centre of each cotyledon. Mock 
treatments were inoculated with 5-μl drops of the PDB solution. 

Bremia lactucae race Bl:32 inoculum solution was prepared by placing infected plant material 
from seven days post infection in to 50 mL tubes and adding dH2O. The spore solution was 
then filtered through Miracloth and the concentration adjusted to 105 spores mL-1. Two days 
after chemical treatments, lettuce seedlings were inoculated with a spray of the spore solution 
until runoff was imminent. Mock inoculation with dH2O was applied in the same manner. 

2.5 Hyperspectral imaging and processing

Hyperspectral imaging (HSI) was performed with a PSI HC 900 imaging system (Photon Systems 
Instruments, Czech Republic). The camera in the system, used an imaging CMOS detector 
with a sensor array of 1920 lines 1000 rows a spectral range of 350-895 nm and a spectral 
resolution of 1.2 nm. The acquired images were processed with an in house application written 
in the R language and the application PlantScreen Data Analyser (Photon Systems Instruments, 
Czech Republic). The processed hyperspectral data was analysed using the Tidyverse R packages 
(Wickham et al., 2019).

2.5.1 Image acquisition 

Seedlings were grown and imaged in fixed locations in a growth chamber for the duration of each 
experiment. The pots containing the seedlings were placed in Petri dishes, then placed inside trays 
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with holders that prevented pot movement. At the point of imaging, the samples were uniformly 
illuminated from above with a broadband halogen lamp. The camera, which was motorised, 
line-scanned stationary samples at 15 mm.s-1. The vertical distance between the camera lens and 
samples was set to 200 mm, the exposure time to 0.09 s and the spatial resolution was 5 px.mm-1. 
Detached leaves were placed on trays with a non-reflective black mat paper background and 
similarly line-scanned. 

2.5.2 Image calibration

To calibrate raw hyperspectral reflectance images (R0). A white reference image (Rw) was acquired 
from a white Teflon standard with a 99.9% reflectance. A black reference image (Rb) was acquired 
in complete darkness. Then calibrated reflectance images (R) were computed as R = (R0-Rb)/
(Rw-Rb). 

2.5.3 Image segmentation

To exclude non-plant material, the calibrated images were segmented. Since plants and non-
plant materials like soil and plastics have different hyperspectral reflectance properties, a plant 
segmentation index (SI) that uses reflectance at three spectral bands where SI= 1.2(2.5(R740-R672)-
1.3(R740-R556) was used.  Then an SI threshold of 0.1 was used to erode non-plant material and 
only retain images of the plant material. Finally the images in each tray were further segmented 
into individual samples. These segmented images consisted hyperspectral cubes with reflectance 
values in the band range of 350-895 nm at an interval 1.2 nm for each image pixel. To reduce 
this large data size, averaged reflectance values per sample were derived and used in subsequent 
analysis. 

2.5.4 Spectral vegetation indices 

Using the averaged hyperspectral reflectance data, 115 spectral vegetation indices (SVIs) were 
derived for each sample. These consisted of previously reported SVIs (Table 2.1),  that use VIS 
and NIR bands of the electromagnetic spectrum. Derivation of the SVIs was performed using the 
tidyverse (Wickham et al., 2019) and hsdar (Lehnert et al., 2019) R packages.
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A B

C D

Fig 2.2 | Image segmentation. (A) Image of a tray of plants. (B) Breaking image up with masks for 
individual plants. (C) Segmenting image to plant (green) and nonplant (red). (D) Extracting only 
plant image data.
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Table 2.1 | List of Spectral vegetation indices. Adapted from (Xue and Su, 2017; Harris Geospatial, 2022; Lehnert, 

2022)

Index Formula Reference

ARI1 (1/R550) - (1/R700) (Gitelson, Merzlyak and 
Chivkunova, 2001)ARI2 R800(1/R550) - (1/R700)

BGI R450/R550 (Zarco-Tejada et al., 2005)

Boochs D703
(Boochs et al., 1990)

Boochs2 D720

BRI R450/R690 (Zarco-Tejada et al., 2005)

CARI R700 * abs(a * 670 + R670 + b)/R670 * (a2 + 1)0.5  a = (R700 * R550)/150. b = R550 – (a * 550) (Kim, 1994)

Carter R695/R420

(Carter, 1994)

Carter2 R695/R760

Carter3 R605/R760

Carter4 R710/R760

Carter5 R695/R670

Carter6 R550

CI R675 *R690/R
2

683 (Zarco-Tejada et al., 2003)

CI2 R760/R700 – 1 (Gitelson, Gritz and Merzlyak, 
2003)

ClAInt R735 ∫ R600 (Oppelt and Mauser, 2004)

CRI1 1/R515 – 1/R550

Gitelson, Gritz and Merzlyak, 
2003)

CRI2 1/R515 – 1/R770

CRI3 1/R515 – 1/R550* R770

CRI4 1/R515 – 1/R700* R770

D1 D730/D706 (Zarco-Tejada et al., 2003)

D2 D705/D722 (Zarco-Tejada et al., 2003)

Datt (R850– R710)/(R850– R680)

(Datt, 1999)Datt2 R850/R710

Datt3 D754/D704

Datt4 R672/(R550*R708)

(Datt, 1998)Datt5 R672/R550

Datt6 R860/R550* R708

DD (R749– R720) – (R701– R672)
(Le Maire, François and Du-

frêne, 2004)
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DDn 2 * (R710– R660– R760) (le Maire et al., 2008)

DPI D688*D710/D
2

697 (Zarco-Tejada et al., 2003)

DWSI4 R550/R680 (Apan et al., 2004)

EGFN (max(D650:750) + max(D500:550))/(max(D650:750) + max(D500:550))
(Peñuelas et al., 1994)

EGFR max(D650:750)/max(D500:550)

EVI 2.5 * ((R800– R670)/(R800 – 6 * R670 – 7.5 *R475 + 1)) (Huete et al., 1997)

GDVI2 (R2 800 - R
2 680)/( R

2 800 + R2 680)

(Wu, 2014)GDVI3 (R3 800 – R3 680)/( R
3 800 + R3 680)

GDVI4 (R4 800 – R4 680)/( R
4 800 + R4 680)

GI R554/R677 (Smith et al., 1995)

Gitelson 1/R700
(Gitelson, Buschmann and 

Lichtenthaler, 1999)

Gitelson2 (R750– R800/R695– R740) – 1 (Gitelson, Gritz and Merzlyak, 
2003)

GMI1 R750/R550
(Gitelson and Merzlyak, 1998)

GMI2 R750/R700

Green NDVI (R800– R550)/(R800 + R550)
(Gitelson, Kaufman and Mer-

zlyak, 1996)

GVI (R682 - R553)/(R682 + R553) (Gandia et al., 2004)

LIC R440/R690 (Lichtenthaler et al., 1996)

LRDSI1 6.9*(R605/R455)-1.2 (Ashourloo, Mobasheri and 
Huete, 2014)LRDSI2 4.2 * (R695/R455) - 0.38

Maccioni (R780– R710)/(R780– R680)
(Maccioni, Agati and Mazzin-

ghi, 2001)

MCARI/OSAVI MCARI2/OSAVI (Wu et al., 2008)

MCARI ((R700 – R670) – 0.2 * (R700 – R550)) * (R700 – R670) (Daughtry et al., 2000)
MCARI2 ((R700– R670) – 0.2 * (R700– R550)) * (R700/R670) (Haboudane et al., 2004)

MCARI2/OSAVI2 MCARI2/OSAVI2 (Daughtry et al., 2000)

mND705 (R750-R705)/(R750+R705}-2*R445)
(Sims and Gamon, 2002)

mNDVI (R800 - R680)/(R800 + R680 – 2 * R445)

MPRI (R515 – R530)/(R515 + R530)
(Hernández-Clemente et al., 

2011)

mREIP Red-edge inflection point using a Gaussian function (Miller, Hare and Wu, 1990)

MSAVI 0.5 * (2 * R800 + 1–((2 * R800 + 1)2–8 * (R800– R670))
0.5) (Qi et al., 1994)

mSR (R800−R445)/(R680−R445) (Sims and Gamon, 2002)

mSR2 (R750/R705) – 1/(R750/R705 + 1)0.5 (Chen, 1996)

mSR3 (R800/(R670 - 1))/ (R800/(R670 + 1)) 0.5 (Chen and Cihlar, 1996)

mSR705 (R750 - R445)/(R705-R445) (Sims and Gamon, 2002)



24

MTCI (R754– R709)/(R709– R681) (Dash and Curran, 2004)

MTVI 1.2 * (1.2 * (R800– R550)–2.5 * (R670– R550)) (Haboudane et al., 2004)

NDVI (R800– R680)/(R800 + R680) (Tucker, 1979)

NDVI2 (R750– R705)/(R750 + R705) (Gitelson and Merzlyak, 1994)

NDVI3 (R682 – R553)/(R682 + R553) (Gandia et al., 2004)

NPCI (R680 - R430)/(R680 + R430) (Peñuelas et al., 1994)

NPQI (R415-R435)/(R415+R435) (Zarco-Tejada et al., 2001)

NRI (R570 - R670)/(R570 + R670) (Cao et al., 2015)

OSAVI (1 + 0.16) * (R800– R670)/(R800 + R670 + 0.16) (Rondeaux, Steven and Baret, 
1996)

OSAVI2 (1 + 0.16) * (R750– R705)/(R750 + R705 + 0.16) (Wu et al., 2008)

PhRI (R550 − R531)/(R550 + R531) (Cao et al., 2015)

PRI (R531– R570)/(R531 + R570)
(Gamon, Serrano and Surfus, 

1997)
PRI*CI2 PRI*CI2 (Garrity, Eitel and Vierling, 

2011)

PRI2 (R570 - R539)/(R570 + R539) (Filella et al., 1996)

PRI_norm PRI * (−1)/(RDVI * R700/R670) (Zarco-Tejada et al., 2013)

PSRI (R678– R500)/R750 (Merzlyak et al., 1999)

PSSR R800/R635
(Blackburn, 1998)

PSND (R800– R470)/(R800– R470)

RARS R746/R513
(Chappelle, Kim and McMurt-

rey, 1992)

RDVI (R800– R670)/(R800 + R670)
0.5 (Roujean and Breon, 1995)

REP_LE Red-edge position by linear extrapolation (Cho and Skidmore, 2006)

REP_Li 700 + 40 * ((Rre – R700)/(R740 – R700)  Rre = (R670 – R780)/2 (Guyot and Baret, 1988)

RGI R690/R550 (Zarco-Tejada et al., 2005)

SAVI (1 + L)/(R800– R670)/(R800 + R670 + L) (Huete, 1988)

SIPI (R800 - R445)/(R800 - R680)
(Penuelas, Baret and Filella, 

1995)

SIPI2 (R800 - R440)/(R800 - R680) (Penuelas et al., 1995)

SIPI3 (R800 - R445)/(R800 - R650)
(Penuelas, Baret and Filella, 

1995)

SPVI 0.4 * 3.7 * (R800– R670) – 1.2 * ((R530 – R670)
2)0.5 (Vincini et al., 2006)

SR R800/R680 (Jordan, 1969)

SR1 R750/R700

(Gitelson and Merzlyak, 1998)SR2 R752/R690

SR3 R750/R550

SR4 R700/R670 (McMurtrey et al., 1994)
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SR5 R675/R700
(Chappelle, Kim and McMurt-

rey, 1992)

SR6 R750/R710 (Zarco-Tejada and Miller, 1999)

SR7 R440/R690 (Lichtenthaler et al., 1996)

SR8 R515/R550

(Hernández-Clemente, Navar-
ro-Cerrillo and Zarco-Tejada, 

2012)

SRPI R430/R680 (Penuelas et al., 1995)

Sum_Dr1 i=626 Σ 795 D1i (Elvidge and Chen, 1995)

Sum_Dr2 i=680 Σ 780 D1i (Filella and Peñuelas, 1994)

TCARI 3 * ((R700– R670) – 0.2 * (R700– R550) *(R700/R670))
(Haboudane et al., 2002)

TCARI/OSAVI TCARI/OSAVI

TCARI2 3 * ((R750– R705) – 0.2 * (R750– R550) *(R750/R705))
(Wu et al., 2008)

TCARI2/OSAVI2 TCARI2/OSAVI2

TGI −0.5 * (190 * (R670 – R550) – 120 * (R670 – R480)) (Hunt et al., 2013)

TVI 0.5 * (120 * (R750– R550)–200 * (R670– R550)) (Broge and Leblanc, 2001)

Vogelmann R740/R720

(Vogelmann, Rock and Moss, 
1994)

Vogelmann2 (R734– R747)/(R715 + R726)

Vogelmann3 D715/D705

Vogelmann4 (R734– R747)/(R715 + R720)
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Chapter 3 
Quantification of phytotoxicity by chemical IR 

agents in lettuce and tomato 

Abstract

Chemical IR agents can provide durable and broad-spectrum crop protection. However, many 
IR agents also tend to repress plant growth at higher doses. These phytotoxic effects are highly 
variable between plant species and cultivars. Accordingly, safe and effective exploitation of IR 
agents in crop protection schemes requires a careful characterisation of their growth-repressing 
effects, in order to minimise undesirable non-target effects. In this Chapter, the dose-dependent 
phytotoxic activities of IR agents BABA, RBH and ChP were investigated in tomato and lettuce 
using a hyperspectral sensor. Analysis of the image-derived growth data showed that both BABA 
and RBH had dose-dependent repressive effects on relative growth rates (RGR), with BABA 
being generally more phytotoxic than RBH. On the other hand, ChP lacked negative effects on 
growth in both plant species. Spectral reflectance data revealed that BABA and RBH resulted 
in dose-dependent spectral patterns. Linking these patterns to the RGR-repressing effects of 
these agents allowed for the selection of spectral vegetation indices that can rapidly quantify 
phytotoxicity by IR agents in a non-destructive manner.
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3.1 Introduction 

Although chemical IR agents provide durable and broad-spectrum crop protection, they are rarely 
used in agriculture as crop protection agents. One of the main reasons of their under-utilisation 
can be phytotoxicity of some agents, i.e. the capacity to cause temporary or lasting growth 
reduction and cellular dysfunction in plants (EPPO, 2014; Werrie et al., 2020). Consequently, 
effective exploitation of chemical IR agents in crop protection schemes requires minimisation of 
this non-target effect (Yassin et al., 2021). 

This growth repression by chemical IR agents is highly variable between plant species and cultivars. 
The non-protein β-amino acid BABA is one of the most potent inducers of plant resistance 
(Cohen, Vaknin and Mauch-Mani, 2016). Unfortunately, this molecule is also phytotoxic, which 
is the result of its inhibitory effect on the aspartyl-tRNA synthetase enzyme, which leads to 
the accumulation of uncharged aspartyl-tRNA and ultimately stress-related growth repression 
(Luna et al., 2014). In Arabidopsis (Wu et al., 2010), tomato (Buswell et al., 2018) and lettuce  
(Cohen, Vaknin and Mauch-Mani, 2016), BABA has been reported to be phytotoxic in higher 
concentrations. Yet in other plant species, such as sunflower (Amzalek and Cohen, 2007), soybean 
(Zhong et al., 2014) and grapevines (Reuveni, Zahavi and Cohen, 2001) BABA was not reported 
to be phytotoxic. Recently, R-β-homoserine was identified in a screen for resistance-inducing 
BABA structural analogues with less phytotoxicity. This initial study found no significant 
phytotoxicity in Arabidopsis and tomato cv. Micro-Tom (Buswell et al., 2018). Another IR agent 
that has been reported to be less phytotoxic is Chitoplant a water-soluble Chitosan formulation 
(ChiPro GmbH, Bremen, Germany) (Romanazzi et al., 2013; Younes et al., 2014). Unlike RBH, 
ChP which is a naturally occurring polysaccharide that has even recently been associated with 
growth promotion (De Vega et al., 2021). Furthermore, despite many studies that have examined 
the growth impacts of these chemicals, our understanding of their actions are binary and lack 
dose-response models of their phytotoxic activities. 

The work presented in this chapter will profile the dose-dependent phytotoxic activities of BABA, 
RBH and ChP in the lettuce (cv. Kavir) and tomato (cv. Money-Maker). To quantify phytotoxic 
effects of the three IR agents, a HSI camera was used to non-destructively measure plant growth 
based on image area and investigate physiochemical changes due to chemical treatments through 
multispectral reflectance. 
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3.2 Methods

3.2.1 Plant growth, chemical treatments and inoculations

Tomato and lettuce plants were grown and treated with IR agents as described in sections 2.2 
and 2.3 respectively. In tomato experiments, six day-old seedlings growing in 4:1 soil : sand mix 
were treated with increasing doses of the chemicals in the same way as the lettuce seedlings. Two 
days after chemical treatments, each tomato seedling was mock inoculated with a single 5-µL 
drop PDB (6 mg mL-1) on each cotyledon. In experiments with lettuce, five days-old seedlings 
growing in 3:1 soil : sand mix were treated with increasing doses of BABA or RBH (0, 0.125, 
0.25, 0.5, 1 and 2% w/v ) by soil drenching or with ChP (0, 0.063, 0.125, 0.25, 0.5, 1 and 
2 % w/v) by foliar spraying. Two days after chemical treatments, the cotyledons of the lettuce 
seedlings were mock spray inoculated with dH2O until run‐off was imminent. 

3.2.2 Seedling imaging and destructive endpoint sampling

Tomato and lettuce seedlings were imaged with a HSI camera once daily for ten days as described 
in section 2.5. In experiments with chemical treatments imaging started from the point of 
chemical application. At the tenth day both tomato and lettuce leaves were detached from their 
seedlings and imaged while flat by HSI with the adaxial side facing up. For experiments looking 
at the relationship between seedling green pixel area and fresh weight water-treated seedlings were 
imaged for 10 days. on the 10th day, aboveground shoot material was harvested and the fresh 
weights recorded.

3.2.3 Data extraction, analysis and statistical testing

Sample averaged hyperspectral reflectance and green pixel (px) area data, was extracted and 
processed as described in sections 2.5. All data analysis and statistical tests were performed using 
R version 4.0.5 (R Core Team, 2021).

3.2.3 .1 Modelling seedling growth rates

Growth data for each seedling consisting of green plant pixel area and time was fitted with 
generalized additive model (GAM) using the gam function of the mgcv (version 1.8-38) package 
(Wood, 2011). To smooth out noise in the growth data, the GAM fitted values were extracted 
from the model. To ascertain the accuracy of the GAM predicted data a regression analysis 
was performed to determine the relationship between GAM predicted seeding area and above 
ground fresh weight. To measure the relative growth rates (RGR) of the seedlings the natural 
log transformed green area against time data were fitted with linear models and seedling RGR 
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derived as the slope of the fitted curve. 

3.2.3 .2 Dose response modelling

RGR data were fitted with dose response models using the drc (version 3.0-1) package (Ritz et 
al., 2015) and TD50 parameters (the dose required to produce 50% of the maximal effect) for the 
three IR agents was extracted from the fitted models.  

3.2.4 Profiling β-amino acid residues by liquid chromatography coupled to 
quadrupole-orthogonal time-of-flight mass spectrometry   

To examine the metabolism of the β-amino acids BABA and RBH over time in tomato and 
lettuce their residues in plant tissue was measured using liquid chromatography coupled to 
quadrupole-orthogonal time-of-flight mass spectrometry. Seven-day-old tomato and lettuce 
seedlings growing in in 3:1 soil : sand mix were treated with BABA (0.5 mM), RBH (0.5 mM)  
or dH2O by soil drenching. For each treatment, 24 seedlings grouped in fours were assigned. 
At 2, 14 and 42 days post-treatment, the above-ground shoot tissue of four plants randomly 
assigned to each time point were harvested, snap frozen with liquid nitrogen and stored at -80°C. 
The shoot tissue was freeze-dried, ground in to powder, weighed and then extracted in buffer 
(MeOH:H2O:Formic acid, 10:89.99:0.01, v/v/v) to make samples at a concentration of 0.1 mg 
µL-1. The sample extracts were centrifuged at 16,000g at 4 °C for 5 minutes and each supernatant 
was split in to three aliquots. Using BABA and RBH standards in the range of 0.1 - 100 μM, 
the samples were analysed in a HPLC-MS coupled system. Sample mass spectra was recorded 
in positive electro-spray ionization mode on a Waters ACQUITY  UPLC system interfaced 
to a Waters Synapt G2Si HDMS QTof mass spectrometer. Sample separation was performed 
using Waters ACQUITY HILIC BEH C18 analytical column with 1.7 µm particle size, 50 
mm length and 2.1 mm inner diameter.  The mobile phase consisted of 20 mM ammonium 
formate (NH4HCO2) with 0.1% formic acid and acetonitrile (CH3CN) with 0.1% formic acid. 
NH4HCO2 started at a 99% gradient then down to 65% at 4 minutes, 1% at 6 minutes and 
held there for 1.5 min after which it was returned to 99%.  Solvent flow rate was set to 0.3 mL 
min-1and injection volume to 4 µL. Nitrogen was used as the drying and nebulizing gas. The 
desolvation gas, flow rate was set to 150 L hr-1, the source temperature was set at 100 °C and the 
final temperature was set to 280 °C. The cone gas flow was set to 20 L hr-1, the cone voltage was 
5 V and the capillary voltage was set to 2.5 kV. The instrument was calibrated a range of 20-1200 
m/z with a solution of sodium formate and Leucine (Sigma-Aldrich, St. Louis MO, USA) in 
equal water methanol mix and 0.1% Formic acid. 
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3.3 Results

3.3.1 Estimating plant growth from images

To determine whether non-destructive quantification of green plant area is suitable for accurately 
calculating growth rates, lettuce and tomato seedlings were imaged with a HSI camera over 10 
days to acquire the top view images of green plant area. Generally green pixel area increased 
with time (Fig 3.1A). However, seedling stem movements as well as changes in leaf angle over 
the measurement period lead to within-replicate variation that complicated between-replicate/-
treatment analysis of variation. To reduce this noise, GAMs were fitted to the time versus green 
pixel area data for individual seedlings. Generally the GAMs fitted the data well (Fig 3.1A). 
Furthermore, end point model predicted values and end point above ground plant fresh weight 
showed a strong positive correlation (Fig 3.1B) for both tomato (R2 = 0.97) and lettuce (R2 = 
0.93). These results indicated that GAM predicted values from image-derived green area could 
be used to accurately estimate plant growth. Accordingly, quantification of lettuce and tomato 
growth in subsequent growth analyses was based on GAM-predicted green area. 
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Fig 3.1 | Smoothing tomato and lettuce growth data with GAMs. (A) Plots show green area (px) 
against time (days) for individual lettuce and tomato seedlings. The red (tomato) and green (lettuce) 
points are the recorded green area and the black lines are the fitted GAM models. (B) The correlation 
between end-point GAM predicted green area and above ground fresh weigh for tomato and lettuce 
seedlings.



32

3.3.2 Assessing the phytotoxicity of the chemical IR agents through growth

To assess the effects of BABA, RBH and ChP on tomato and lettuce growth, the green area of 
seedlings receiving increasing doses of the three chemicals were recorded with a HSI camera 
for ten days (Fig 3.2). The growth curves of control-treated seedlings (Dose 0) did not plateau 
indicating the plants continued to grow over the duration of the experiments, as is expected of 
young plants. Generally, the β-amino acids BABA and RBH caused a dose-dependent decline 
in growth for both tomato and lettuce, resulting in decreasing slopes of the growth curves with 
increasing dosages. In tomato, BABA-induced growth repression was more pronounced compared 
to RBH, whereas in lettuce, the growth-repressing effect of BABA was only marginally stronger 
than that of RBH. In contrast to both β-amino acids, ChP-treated tomato and lettuce showed 
little change in growth. Thus, based on the growth curves, BABA and RBH both reduce growth 
in tomato and lettuce. However, in tomato, and to a lesser extent also lettuce, this phytotoxic 
effect is stronger by BABA than RBH. 
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Fig 3.2 | The dose-dependent effects of the IR agents on seedling growth of tomato and lettuce. 
Shown are GAM-predicted growth curves based on 10 individual time-points. Each plot shows green 
area (px) against time (days) for individual tomato and lettuce seedlings after soil-drenching with 
increasing doses of BABA (A and B), RBH (C and D), or spraying the leaves with increases doses of 
ChP (E and F).

To quantify relative growth rate values (RGRs), log-transformed growth data were fitted with 
a linear model to derive RGR values from the slope of the fitted curve. To test the effects of 
chemical dose on RGR, a Kruskal-Wallis test was carried out. Where dose had a significant effect, 
pairwise comparisons between the controls and each dose using Dunn’s test was performed (Fig 
3.3). BABA significantly reduced growth at all tested doses in both tomato and lettuce. In RBH 
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treated tomato and lettuce, all doses above the lowest concentration (0.125 mM) significantly 
reduced growth. By comparison, ChP dose had no significant effect on growth in either tomato 
or lettuce. Thus, BABA and RBH both reduce RGR in a dose dependent manner in both tomato 
and lettuce; however, BABA is more phytotoxic in both species, while ChP is not associated with 
RGR reduction.
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Kruskal-Wallis - H(5) = 33.693, p < 0.001 Kruskal-Wallis - H(5) = 32.309, p < 0.001 Kruskal-Wallis - H(5) = 9.546, p = 0.089

Kruskal-Wallis - H(5) = 3.102, p = 0.684Kruskal-Wallis - H(5) = 31.252, p < 0.001Kruskal-Wallis - H(5) = 33.764, p < 0.001
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Fig 3.3 | The dose-dependent effects of the IR agents on RGR in tomato and lettuce. (A) Sample 
images of tomato and lettuce seedlings after treatment with increasing IR agent doses. (B) The 
presented curves are mean RGR ± SE. The effect of chemical dose on seedling RGR was tested for 
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the control treatment (Dose 0) was carried out by Dunn’s tests and denoted as * for p < 0.05, ** for 
p < 0.01, and *** for p < 0.001. 
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To compare the phytotoxicity levels of the three IR agents in tomato and lettuce, dose response 
models were fitted to show the relationship between increasing dose and RGR (Fig 3.4). The dose 
required to produce 50% of the maximal effect (TD50) was obtained from the fitted models. By 
this measure, BABA had the lowest TD50 values of the three IR agents. In tomato this BABA 
TD50 value was nearly two times lower (0.13 ± 0.02 mM) than that in lettuce (0.25 ± 0.05 
mM), suggesting that tomato is more sensitive to BABA than lettuce. By contrast, the TD50 
value for RBH in lettuce (0.34 ± 0.07 mM) was nearly two times lower than that of tomato 
(0.57 ± 0.18 mM), suggesting that lettuce is more sensitive to RBH than tomato. The fitted dose 
response models did not produce significant TD50 parameters for ChP in either plant species. 
Thus, median phytotoxic dose parameters derived from the fitted dose response models suggests 
that BABA was the more phytotoxic of the two β-amino acids and its phytotoxicity was greater 
in tomato. RBH, on the other hand, was more phytotoxic in lettuce than tomato, while ChP had 
no phytotoxicity in tomato or lettuce.
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Fig 3.4 | Estimation of phytotoxicity parameters (TD50 values) of the three IR agent in tomato 
and lettuce. The fitted curves are based on mean RGR values per dose, from which TD50 values were 
predicted. In tomato, TD50 was estimated at 0.13 ± 0.02 mM (p < 0.001) for BABA and at 0.57 ± 
0.18 mM (p = 0.003) for RBH. In lettuce, TD50 values were predicted at 0.25 ± 0.05 mM (p < 0.001) 
for BABA and at 0.34 ± 0.07 mM (p = 0.071) for RBH. The TD50 value for ChP parameter was not 
statistically significant in both plant species. 
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3.3.3 Assessing chemical stress through hyperspectral signatures

Analysis of the tomato and lettuce growth data suggested that BABA and RBH are phytotoxic 
but have different toxicity profiles in the two species, while ChP was not phytotoxic in either 
plant species. To delineate stress types and patterns, plants receiving the different treatments were 
first imaged non-destructively daily for ten days with a HSI camera, then cotyledons and leaves 
were detached and imaged by HSI for destructive endpoint analysis. To investigate the impact of 
the chemicals, spectral signatures, which are plots of wavebands against reflectance intensity, were 
derived from the hyperspectral reflectance data. Fig 3.5 shows end time-point, averaged spectral 
signatures at each chemical dose, for whole plants, detached cotyledons and true leaves. The 
samples showed spectral signatures typical of vegetation (Govender, Chetty and Bulcock, 2007; 
Mahlein et al., 2012). The visible spectrum (VIS) showed generally a low reflectance region, 
except for the green peak at 550 nm. At the end of the red spectrum, there was a red edge 
transition zone (680 – 730 nm), which had the usual sharp increase in reflectance. This increase 
in reflectance then plateaued into the near infrared (NIR) spectrum. Within this general pattern, 
there were strong dose-dependent shifts in reflectance by BABA and RBH, which were apparent 
in both plant species. By contrast, the spectral shifts by ChP appeared much more subtle. 
Furthermore, the magnitude of the spectral shifts by BABA and RBH differed by vegetation type: 
reflectance changes were most acute in true leaves, followed by whole plants, while cotyledons 
showed relatively little variation. Thus, treatment with BABA and RBH caused dose-dependent 
spectral changes correlating with their phytotoxicity (Figs 3.1 - 3.4), which varies by vegetation 
type. Together, these results demonstrate that the spectral signatures of the seedlings echo the 
phytotoxic effects of the IR agents. 
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3.3.4 Profiling phytotoxicity of IR agents by spectral vegetation indices

Stress caused by IR agents results in dose-dependent spectral shifts (Figs 3.5). To investigate the 
nature of these stresses further, a small number of bands in the HSI data were used to calculate 
spectral vegetation indices (SVIs), which are parameters that have been empirically demonstrated 
to describe specific physio-chemical attributes of plant tissues (Xue and Su, 2017). From these 
SVIs, three commonly used indices for plant stress markers were selected. Firstly, the Anthocyanin 
Reflectance Index 2 (ARI2) was selected, which has been developed to estimate concentrations of 
anthocyanins in vegetation, a well-characterised marker of plant stress (Gitelson, Merzlyak and 
Chivkunova, 2001). Secondly, the Carotenoid Reflectance Index 2 (CRI2) was selected, which 
estimates carotenoid concentrations relative to chlorophyll, which have been reported to shift in 
stressed plant tissues (Gitelson et al., 2002). Thirdly, the Modified Chlorophyll Absorption Ratio 
Index (MCARI2) was selected, which indicates the depth of chlorophyll absorption and is based 
on evidence that spectral characteristics of chlorophyll, including fluorescence, change in stressed 
plant tissues (Haboudane et al., 2004). Kruskal-Wallis tests were carried out to examine whether 
the chemical IR dose influenced these SVIs significantly. Where there was a statistically significant 
effect, pairwise comparisons to the controls were performed using Dunn’s test (Fig 3.6).

Generally, ARI2 values declined with increasing doses of BABA and RBH, but did not change 



38

much in response to ChP treatment (Fig. 3.6). Between both plant species, BABA had the highest 
impact on ARI2 in tomato. In whole plants of both tomato and lettuce, increased doses of both 
BABA and RBH had a statistically significant repressive effect on ARI2 values. In tomato detached 
true leaves, BABA significantly repressed ARI2 values with increasing dose, whereas BABA failed 
to have a statistically significant effect on ARI2 in lettuce across all doses. Chemical dose effects 
on ARI2 values in detached cotyledons were similar to those in true leaves, although generally less 
variable with lower values. While the dose effect was statistically significant for both chemicals in 
both plants species, the impact of BABA and RBH on ARI2 on detached cotyledons was greater 
in lettuce than tomato. ARI2 values varied little with ChP dose, and the only significant change 
was a slight increase in detached cotyledons treated with 0.125 % (w/v) ChP.

For CRI2, increasing BABA doses caused a complex ‘dip-rise effect’ in lettuce tissues, while 
BABA mostly increased CRI2 values in tomato tissues (Fig., 3.7). The effects of increasing RBH 
doses on CRI2 showed a general upward trend in both plant species, while ChP only increased 
CRI2 at the highest dose. In whole plants, BABA dose had a statistically significant effect in 
both species. In lettuce whole plants, CRI2 values decreased at BABA doses of 0.125 and 0.25 
mM, but increased from 0.5 to 2 mM. By contrast, BABA dose increased CRI2 values in tomato 
whole plants, where the size effects on CRI2 were more pronounced overall compared with 
lettuce. RBH dose had a statistically significant effect in whole plants in both species, mostly 
causing increasing CRI2 values. However, the effects by RBH in whole tomato plants were less 
pronounced than those caused by BABA. ChP had no statistically significant effect on CRI2 in 
whole plants of both species. In detached true leaves of lettuce, the effects of BABA and RBH 
dose was statistically significant on CRI2. BABA dose caused the same dip-rise effect in detached 
lettuce leaves as observed in whole plants, while detached tomato leaves showed a steady increase 
in CRI2 values with BABA dose.  At increasing doses of RBH, variation in CRI2 values was less 
than that observed in detached leaves from BABA-treated plants. In lettuce, RBH dose had no 
statistically significant effect on CRI2, while in tomato the dose effect was statistically significant 
only at the higher doses (1 and 2 mM). In cotyledons, the effects of the three chemicals on CRI2 
values was relatively mild. However, dose effects on CRI2 were statistically significant for both 
BABA and ChP in lettuce cotyledons and in tomato for BABA and RBH. The strongest effects 
were observed for cotyledons from BABA-treated tomato, which showed a statistically significant 
increase in CRI2 values at the lowest dose of 0.0125 mM. 

For MCARI2, effects of IR chemicals were marginal compared to ARI2 and CRI2 (Fig. 3.7). 
For whole plants, no statistically significant effects were found by either chemical in both lettuce 
and tomato. In true leaves of lettuce, MCARI2 values decreased with dose for all three chemicals 
tested, which was statistically significant. For tomato true leaves, only BABA had a significant 
impact on MCARI2 values, which decreased with increasing BABA dose. For detached cotyledons 
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of lettuce, only the highest dose of CHP resulted in a significant decrease in MCARI2 value. For 
tomato cotyledons, RBH dose caused a statistically significant effect on MCARI2, resulting in 
higher values with increasing dose.   

Considering the SVIs (ARI2, CRI2 and MCARI2) selected to profile the stress effects of the IR 
agents gave a complex picture that reflected chemical plant species and leaf type. The possibility 
of a single SVI that can serve as proxy of RGR in all the treatment groups was investigated. 
Taking into account the influences of chemical and plant species on the potential SVI – RGR 
relationship, the data was separated in to six groups (three chemicals by two plant species). First 
linear regression was performed to determine the correlations the respective six groups and all 
available SVIs (115). Following that, only using BABA and RBH treatment data – because ChP 
does not affect RGR – the median R2 and interquartile range (IQR) of R2 was calculated for these 
four groups (Fig 3.7A). To select SVIs with optimal balance between correlation (high R2) and 
spread (low R2 IQR) a threshold of R2 > 0.4 and R2 IQR < 0.2 was set. Then the performance of 
these selected SVIs was investigated in ChP treatment groups by comparing median R2 for tomato 
and lettuce plants (Fig 3.7B). While a high R2 value was better also closeness of the median R2 
values for the tomato and lettuce also important. Finally, when all these consideration were made 
this process yielded the SVI Triangular Greenness Index (TGI). The correlation between TGI and 
RGR differed by plant and chemical (Fig 3.7C). The best correlation was in BABA treated plants 
(tomato, R2 = 0.91, p <0.001; lettuce R2 = 0.60, p <0.001) followed by the RBH treated plants 
(tomato, R2 = 0.50, p <0.001; lettuce R2 = 0.49, p <0.001), while there was a lack of correlation 
for ChP treated plants. Overall, TGI against chemical dose (Fig 3.7D) gave results similar to 
those of RGR against chemical dose for both tomato and lettuce (Fig 3.3).
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Fig 3.6 | The effects of chemical dose on three stress-related vegetation indices (SVIs). The 
presented curves are mean ± SE of the SVIs ARI2, CRI2 or MCARI2 at increasing BABA, RBH and 
ChP doses in tomato tissues (left panels) and lettuce tissues (right panels). Individual panels show the 
effects of each chemical treatment for either whole plants (upper rows), detached cotyledons (middle 
rows) or detached true leaves (lower rows). The effect of chemical dose on the SVIs was statistically 
investigated by Kruskal-Wallis. Where statistically significant, differences between dose treatment and 
controls was carried out by Dunn’s tests (*p < 0.05, **p < 0.01, and ***p < 0.001).
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To summarise, all three IR agents had dose-dependent effects on stress-related SVIs. BABA and 
RBH caused relatively large changes, whereas the effects caused by ChP remained relatively small. 
It was clear also that the effects on the SVIs were different between BABA and RBH, supporting 
the notion that both β-amino acids have physiologically different impacts on plants (Buswell et al., 
2018). Generally, however, the results suggest that tomato is more sensitive than lettuce to stress 
by both β-amino acids. Furthermore, the responses by true leaves and cotyledons often differed, 
whereby true leaves of lettuce showed a stronger SVI response by BABA and RBH than lettuce 
cotyledons, which was opposite for tomato. Thus, the stress effects of IR agents as quantified by 
the SVIs is complex and depends on the chemical, plant species and leaf type. However, the SVI 
TGI gave optimal compromise of plant species and chemical dependents effects to track RGR. 

3.3.5 Analysis of BABA and RBH residues in plant tissue over time by liquid 
chromatography-mass spectrometry

A major concern about the use of agrochemicals is build-up of chemical residues in food crops. 
Since BABA acts as a general blocker of protein synthesis (Luna et al., 2014) and RBH is a 
synthetic xenobiotic chemical (Buswell et al., 2018), the translational value of both IR agents is 
not only determined by their phytotoxicity and IR effectiveness, but also the extent by which 
these agents form chemical residues in the plant. Moreover, the observed phytotoxicity by both 
β-amino acids in lettuce and tomato might be related to their accumulation in the leaf tissues. 
To investigate this relationship further, tomato and lettuce plants were soil-drenched with either 
BABA (0.5 mM), RBH (0.5 mM) or water (control), after which above ground plant material 
was harvested at  2, 14 and 42 days. Concentrations of each compound were quantified in 
methanol extracts from dry plant material using HILIC-Q-TOF (Fig 3.8). In tomato plants, 
residues of both β-amino acid residue levels remained overall much lower compared to lettuce. 
In fact, RBH levels did not differ from controls at any time point, indicating that RBH is rapidly 
metabolised. Interestingly, BABA at 42 days post-treatment residues in tomato reached a level 
(0.226 ± 0.042 µM.mg-1) that was statistically higher than the background signal in the control 
group, suggesting that BABA is less effectively metabolised in older tissues. At two days post-
treatment of lettuce, RBH accumulated to slightly higher levels (0.240 ± 0.027 µM.mg-1) than 
BABA (0.166 ± 0.03 µM.mg-1), which was statistically significant compared to the background 
signal in the controls. At 14 days post-treatment, residues of both β-amino acids peaked in 
lettuce, with BABA residues being 33% higher (1.570 ± 0.120 µM.mg-1) than RBH residues 
(0.942 ± 0.091 µM.mg-1). At 42 days post-treatment, both BABA and RBH lettuce residue levels 
declined and were no longer significantly different compared to the background signal in the 
control-treated plants. 
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Fig 3.7 | The identification of an SVI proxy for RGR. The process of selecting an SVI that best 
correlates with RGR in the different treatment groups. (A) The spread (R2 IQR) and median correlation 
level (R2) of SVIs with RGR in BABA and RBH treatment groups. (B) The performance of selected 
SVIs by closeness of median R2 in tomato and lettuce. (C) Correlation between TGI and RGR in 
different treatment groups. (D) The effect of chemical dose on TGI.
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Fig 3.8 | Chemical residues of BABA and RBH in shoot tissues of lettuce and tomato. Boxplots 
show β-amino acid concentrations (µM/mg DW; n = 4).  Tomato or lettuce seedlings were soil-
drenched with 0.5 mM BABA or RBH and analysed by HILIC-Q-TOF to estimate β-amino acid 
concentrations in comparison to water-treated  control plants at 2, 14 and 42 days post treatment. 
Asterisks indicate statistically significant differences between β-amino acid-treated plants and control-
treated plants (*p < 0.05, **p < 0.01, ***p < 0.001, ns: not significant). 



44

3.4 Discussion

Phytotoxic effects, when applied in higher doses, have hampered exploitation of some chemical IR 
agents as crop protection agents. The fact phytotoxicity varies between plant species and cultivars, 
which necessitates tailored application protocols, is a further hindrance (Yassin et al., 2021). For 
instance, BABA was found to lack phytotoxicity in some plant species (e.g. sun flower), while it 
is highly phytotoxic in other species (e.g. tomato) (Amzalek and Cohen, 2007; Wu et al., 2010; 
Zhong et al., 2014; Buswell et al., 2018). The structural BABA analogue RBH was recently 
identified as a less toxic IR agent in Arabidopsis and the tomato cultivar MicroTom (Buswell et 
al., 2018). Similarly, the chitosan formulation ChP has been described as a non-phytotoxic IR 
agent. To further substantiate these phytotoxic activities of BABA, RBH and ChP, this chapter 
has presented a dose-dependent analysis of the phytotoxic activities by the IR agents in lettuce 
(cv. Kavir) and tomato (cv. Moneymaker). Based on non-destructive imaging of plant growth 
and hyperspectral reflectance, it can be concluded that the degree of phytotoxicity by the three 
IR agents varies between plant species and tissues. However, in general terms, BABA appeared 
to be the most phytotoxic of the three agents, followed by RBH, and ChP causing little if any 
phytotoxicity (Figs 3.4 – 3.6). 

The profiling of phytotoxic activities by the IR agents was based on non-destructive phenotyping 
by HSI. There were two major challenges associated with this approach, which dictated the 
experimental approaches taken. First, both lettuce and tomato seedlings underwent foliar 
nyctinasty (Minorsky, 2019), where leaves that have horizontal positions during the light period 
take vertical positions during the dark. Secondly, as the number of leaves increases over the 
growth period, leaf overlap occurs which complicate accurate quantification of green plant area. 
Consequently, the experiments presented in this Chapter were restricted to the light period, 
using relatively young plants that did not grow beyond the emergence of the first true leaves. 
These experimental choices made it easier to accurately quantify plant growth over time without 
destructive sampling. Indeed, the quantification of green plant image appeared to be an excellent 
proxy for fresh weight as the two were highly correlated (Fig 3.1), enabling precise analysis of 
relative phytotoxicity of the IR agents, albeit restricted to relatively young plants.  

Analysis of the image-derived growth data showed that the both BABA and RBH had-dose 
dependent repressive effects on RGR, while ChP had no statistically significant repressive effect 
on RGR (Fig 3.3). BABA was the more phytotoxic of the two β-amino acids (Fig 3.4) and its 
phytotoxicity was higher in tomato than lettuce. By comparison, RBH phytotoxicity appeared 
higher in lettuce (Fig 3.6). While BABA phytotoxicity is widely reported, RBH was selected as a 
molecule lacking this property and was shown to have no growth repression effect in Arabidopsis 
and tomato cv. Micro-Tom (Buswell et al., 2018). This finding underscores the variable effects 
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of IR agents between plant species and cultivars, as well as the importance of experimentally 
selecting chemical IR treatments for target crop species and cultivars. Recent results have revealed 
that the phytotoxicity of both BABA and RBH is a function of their cellular uptake, which is 
determined by the LHT1 transporter (Tao et al., 2022). In Arabidopsis, expression of the LHT1 
gene in wild-type plants is sufficiently low to prevent uptake of phytotoxic quantities of RBH, 
while over-expression of the LHT1 gene also causes phytotoxicity at increasing doses of RBH. 
However, while the affinity of LHT1 to BABA is comparable to that of RBH (Tao et al., 2022), 
BABA is phytotoxic in Arabidopsis wild-type plants whereas RBH is not, which indicates the 
intracellular toxicity of BABA is higher than RBH. To determine whether the orthologous genes 
of LHT1 in lettuce and tomato controls phytotoxicity to BABA and RBH similarly, it would 
be necessary to over-express these genes and test for increased tolerance. Alternatively, a larger 
diversity panel of lettuce or tomato varieties, varying in phytotoxicity could be profiled for LHT1 
gene expression to establish a correlation.

The analysis of spectral reflectance data revealed that the two β-amino acids affected spectral 
signatures of treated plants in a dose dependent manner, while ChP treatments caused little 
or no changes (Fig 3.6). The shifts in spectral reflectance were more prominent in true leaves 
than in cotyledons. Similarly, in the derived SVIs, values of ARI2, CRI2 and MCARI2, which 
have been developed to indicate anthocyanin, carotenoid and chlorophyll content respectively 
(Gitelson, Merzlyak and Chivkunova, 2001; Gitelson et al., 2002; Haboudane et al., 2004), 
showed variation between true leaves and cotyledons. In general, SVI values deviated from the 
control levels in a dose-dependent manner, which was more pronounced in true leaves than in 
cotyledons. This suggests that the cotyledons are more resilient toward the phytotoxic effects 
of the IR agents. However, it remains uncertain whether this effect is based on an inherent 
physiological property of cotyledons, or whether this is because treatment was applied at a point 
where the cotyledons were mostly developed, and the true leaves were yet to emerge. One possible 
explanation for the observed difference in tolerance to the β-amino acids is that cotyledons have 
been shown to have  fewer stomata (Geisler and Sack, 2002), and hence would have less uptake 
via mass flow, which would result in lower cellular uptake of the β-amino acids from the soil 
and xylem. This possibility could be tested by a time course analysis of β-amino acid residues in 
cotyledons and true leaves by HPLC-MS method described in section 3.3.5. Nonetheless, TGI 
was identified as an SVI in which chemical and plant species differences are minimised. TGI 
was developed analysing HSI data of vegetation canopies from remote sensing satellites has been 
shown to be highly correlated with leaf chlorophyll content (Hunt et al., 2013).  Generally, TGI 
correlated well with RG, and although not as accurate as deriving RGR from image data, it does 
serve as a means to assess growth effects when time course data for calculating growth rates are 
not available or convenient. 
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If BABA, RBH and ChP are going to be widely exploited as crop protection agents, knowledge 
of the levels of residues in plant tissues after treatment is important. Analysis of post-treatment 
BABA and RBH residue levels in plant tissues by HILIC-Q-TOF showed that the absorption 
and breakdown of the two β-amino acids differed between lettuce and tomato. BABA and RBH 
were clearly detected in lettuce shoots at 2 days post-treatment, which increased to even higher 
levels by 14 days post-treatment (Fig 3.9). However, 6 weeks post-treatment, no BABA and 
RBH could be detected above the background signal, suggesting that both β-amino acids are 
catabolised in older lettuce tissues. Although RBH is a new IR agent for which there are no 
previous comparisons, BABA has been reported to be slowly metabolised in Arabidopsis (Jakab 
et al., 2001; Slaughter et al., 2012), which again underscores the variability IR agent behaviour 
between plant species and the importance of experimental verification for target crops. 
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Chapter 4 
Quantification of disease protection by 

chemical IR agents against Botrytis cinerea in 

tomato and Bremia lactucae in lettuce.

Abstract

Chemical IR agents can have low and/or variable crop protection efficacies. The performance of 
these agents often is species- and cultivar-dependent and depends on the nature of the challenging 
pathogen. In this Chapter, the IR efficacies of BABA, RBH and ChP were tested in tomato against 
the necrotrophic fungus B. cinerea in tomato and in lettuce against the biotrophic oomycete B. 
lactucae. Disease incidence was quantified by traditional (destructive) scoring methods and (non-
destructive) remote sensing methods. Multivariate and machine-learning statistical methods were 
used to analyse the spectral data to disentangle the effects of disease stress and stress caused by the 
chemical IR agents. This analysis resulted in the selection of a disease-specific spectral vegetation 
index that allows for a non-destructively quantification of disease progression in the presence 
and absence of the chemical IR agents. The analyses revealed that only ChP was effective against 
B. cinerea in tomato, whilst all three agents offered protection against B. lactucae in lettuce to 
varying degrees, with BABA showing the strongest IR effect, followed by RBH and then ChP. 
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4.1 Introduction 

Chemical IR agents are under-utilised in crop protection because of potential phytotoxicity 
(see Chapter 3), relatively low levels of protection compared with conventional pesticides and 
sometimes variable efficacy (Yassin et al., 2021). It has been shown that the efficacy of IR agents 
depends on the plant species, cultivar (Hijwegen and Verhaar, 1995; Dann et al., 1998) and 
identity of the attacking pathogen (Sharma, Butz and Finckh, 2010). Accordingly, it is difficult 
to generalize about the potential efficacy of an IR chemical and each agent needs to be evaluated 
experimentally on a point-by-point basis before it can be considered for exploitation against a 
certain crop disease. 

Previously, the IR agents BABA, RBH and ChP were found to be effective against the necrotrophic 
fungus B. cinerea in tomato. BABA, applied as a foliar spray resulted in a dose-dependent 
reductions in lesion size by B. cinerea size in three-week-old tomato plants (cv. Ailsa Craig; Li, 
Sheng and Shen, 2020). Similarly, soil drench treatments of three-week-old plants of tomato (cv. 
Moneymaker) with 1 mM BABA resulted in statistically significant reductions in lesion size by B. 
cinerea compared to controls (Luna et al., 2016). RBH has been reported to be effective against 
B. cinerea infection also (Buswell et al. 2018). The soil drench treatments of sixteen-day-old 
seedlings of tomato (cv. MicroTom) with 0.5 mM RBH reduced B. cinerea lesion size compared 
to controls (Buswell et al., 2018). Likewise, ChP was found to suppress B. cinerea infection in 
tomato. The foliar spraying of three-week-old plants of tomato (cv. Moneymaker) with ChP 
solutions resulted in significantly smaller B. cinerea lesion size in comparison to controls (De Vega 
et al., 2021). 

In lettuce, BABA and chitosan provide protection against the biotrophic downy mildew B. 
lactucae. In one-week-old lettuce seedlings (cv. Noga), treatment with a range of BABA doses by 
foliar spraying or soil drenching both provided protection against B. lactucae, but soil drenching 
provided the stronger protection (Cohen, Rubin and Kilfin, 2010). Similarly, foliar spraying 
of three-week-old lettuce plants (cv. Balady) resulted in reduced B. lactucae symptoms (Abdel-
Maksoud Abada, 2017). RBH is relatively new IR agent, and its use in lettuce has not been 
reported at the time of writing. 

To assess the dose-dependent efficacies of the IR agents in the selected pathosystems, optical 
sensor-based phenotyping was selected for the assessment of disease severity. Traditionally, non-
destructive scoring of disease severity is achieved by arbitrary categorisation of disease severity on 
a discrete scale. However, this method comes with several limitations. Firstly, this type of scoring 
is subjective and can lead to substantial variation in the observed scores between and within 
individuals (Bock et al., 2010). Secondly, it can be resource and time intensive (Mutka and 
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Bart, 2015). Finally, visual scoring misses the pre-symptomatic stages of infection. To improve 
the accuracy of disease quantification, destructive sampling followed by microscopy analysis is 
commonly used to obtain a more precise measurement of pathogen colonisation (Fernández-
Bautista et al., 2016). However, this is a destructive scoring and is not suitable for following 
disease progression in the same tissues over time. Some of these limitations can be overcome by 
using optical sensors to quantify disease. Quantitative data obtained this way are typically more 
sensitive and consistent than visual scoring, and allow for non-destructive spatial and temporal 
analysis of the disease progression (Mutka and Bart, 2015).

The type of optical sensor used for detection and quantification of plant disease depends on the 
type of disease. For the detection of severe and/or advanced disease symptoms, such as chlorosis 
and necrosis caused by necrotrophic pathogens, simple RGB sensors and low-level data processing 
is often sufficient. However, the detection of pre-symptomatic infection by biotrophic pathogens 
is often more complex and requires advanced sensors such as HSI cameras. Such HSI sensors 
produce large amounts of highly dimensional data, which is computationally challenging to 
analyse. In addition, the separation of multiple stresses symptoms – such as a phytotoxic chemical 
and a biotic stress – can be challenging (Mahlein, 2016; Wahabzada et al., 2016). However, with 
suitable statistical analysis approaches, it is possible to distinguish subtle differences in disease 
incidence and/or abiotic stress, making optical sensors an attractive method to quantify and 
disentangle different stresses that are simultaneously imposed on the plant (Mahlein, 2016). 

In this chapter, the dose-dependent efficacies of the IR agents BABA, RBH and ChP against 
B. cinerea in tomato (cv. Moneymaker) and B. lactucae in lettuce (cv. Kavir) are investigated. 
Hyperspectral imaging was used to quantify disease development and relate these non-destructive 
measurements with traditional, destructive measures of infection. This chapter also describes how 
these methods have been developed and optimised in lettuce to distinguish between spectral 
changes induced by chemical stress effects from IR agents and spectral changes associated with 
disease by B. lactucae. 
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4.2 Methods

4.2.1 Plant growth, chemical treatments and inoculations

Tomato and lettuce plants were grown, chemically treated and inoculated as described in sections 
2.2, 2.3 and 2.4 respectively. For the tomato experiments, six-day-old seedlings growing in 4:1 
soil : sand mix were treated with increasing doses of BABA or RBH by soil drenching (0, 0.125, 
0.25, 0.5, 1 and 2 mM; final soil concentration) or with ChP by foliar spraying (0, 0.063, 0.125, 
0.25, 0.5 and 1 % w/v). Two days after chemical treatments, tomato seedlings were inoculated by 
placing single 5-µL droplets of B. cinerea spore suspension (104 spores mL-1) into each cotyledon. 
For the lettuce experiments, five day-old seedlings growing in 3:1 soil : sand mix were treated 
with increasing doses of the chemicals in a similar way. Two days after chemical treatments, 
the cotyledons of the lettuce seedlings were spray-inoculated with B. lactucae spore solution 
(105 spores mL-1) until run‐off was imminent. The controls of the chemical treatments (Dose = 0) 
for BABA and RBH consisted of soil-drenching with a similar volume of dH2O and for ChP of 
spraying the leaves with a 0.02% v/v Silwet solution. Mock inoculation of tomato was achieved 
by placing single 5-µL droplets of 6 mg.mL-1 PDB solution; lettuce plants were mock-inoculated 
by spraying the leaves with dH2O.

4.2.2 Seedling imaging and destructive endpoint sampling

Tomato and lettuce seedlings were imaged with a HSI camera once daily from the time of 
chemical treatments as described in section 2.5. In the mock-inoculated tomato experiment, 
seedlings were imaged up to ten days by HSI from the time of chemical treatments, and on 
the 10th day, leaves were detached and imaged by HSI with the adaxial side facing up. In the B. 
cinerea inoculated tomato experiment, seedlings were imaged up to five days by HSI, at which 
point seedlings started to collapse due to B. cinerea infection. At this point cotyledons were 
detached and imaged by HSI with the adaxial side facing up. To measure B. cinerea infection 
lesions, detached cotyledons were imaged with a Nikon D5300 DSLR camera. For mock and 
B. lactucae lettuce experiments, seedlings were imaged with a HSI camera for ten days from the 
point of chemical application. On the 10th day, leaves were detached and imaged by HSI with 
the adaxial side facing up.

4.2.3 Assessment of lettuce B. lactucae colonisation by trypan-blue staining and 
microscopy

Trypan blue staining solution (450 mL) was made by mixing 100 mg trypan blue, 50 mL 
glycerol, 50 mL lactic acid (50 mL) and 50 mg phenol with dH2O to a total volume of 150 mL. 
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Then 300 mL of 96% ethanol (v/v) was added. Chloralhydrate solution (500 mL) was made 
dissolving 300 g chloralhydrate in dH2O overnight. To stain infected tissue, detached leaves from 
each seedling were placed in 50 mL Falcon tubes and 5 mL trypan-blue solution added. Samples 
were incubated in for 60 s in boiling water, 5 min at room temperature, 30 s in boiling water 
then 3h at room temperature. Samples were destained overnight in 4 mL chloralhydrate solution. 
Colonisation by B. lactucae was scored using a stereomicroscope and a three- level disease rating 
scheme: (I) no colonisation by B. lactucae, (II) colonisation but without sporulation and (III) 
colonisation and sporulation.

4.2.4 Assessing B. cinerea infection severity by lesion area

To assess infection severity by B. cinerea, images taken by a DSLR camera were analysed using 
Photoshop CC 2019, by Adobe© systems Inc. Lesions were measured from images of the detached 
cotyledons, using the ‘magic wand tool’ to selectively highlight diseased tissue. The diseased tissue 
pixel area was measured with the pixel count feature. Pixel values were converted to cm2 using a 
standard. 

4.2.5 Data extraction, analysis and statistical testing

Hyperspectral reflectance data was extracted, processed and reflectance values for each band at 
each pixel averaged per sample as described in section 2.5. SVIs (115) were calculated from 
the averaged hyperspectral reflectance data as described in section 2.5.4. All data analysis and 
statistical tests were performed using R version 4.0.5 (R Core Team, 2021).

4.2.5.1 Multivariate analysis

Orthogonal partial least-squares discriminant analysis (OPLS-DA) was used to distinguish 
healthy and B. lactucae infected samples and identify an optimal SVI to quantify downy mildew 
infection. OPLS-DA is a supervised multivariate analysis method used to identify and display 
differences between two experimental groups. The analysis reports the quantitative relationship 
between a predictor and a response Y. In such data sets, using OPLS-DA, systematic variation 
in X is separated into a predictive part that is linearly correlated to Y and an orthogonal part that 
is uncorrelated to Y and thus only the variation that is correlated to the Y classification can be 
selected (Trygg and Wold, 2002; Bylesjö et al., 2006; Liu et al., 2018). In the resulting OPLS-
DA model the parameters R2X  and R2Y measure total variation in X and Y respectively and 
represent the model’s goodness of fit. The parameter Q2Y, which is obtained through multiple 
cross-validations, is a measure of the fraction of Y that is predicted X and represents the predictive 
performance of the model (Thévenot et al., 2015). The variable influence on projections (VIP) 
parameter reveals the importance of a given X variable for Y and used for variable selection 
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(Szymańska et al., 2012). Although high R2 and Q2 values indicate a good model, it is possible they 
are attained by chance. To overcome this risk of over fitting, and have a measure of the statistical 
significance (p-value) of the R2 and Q2 parameters, a permutation test is conducted. In this 
process, it is assumed there are no group differences, the samples labels are randomly permuted, 
and multiple new classification models are calculated. Then the significance of the difference of 
these models from the original unpermutated model is tested (Thévenot et al., 2015). To further 
test OPLS-DA model reliability, principal component analysis (PCA) can also be used. PCA is 
multivariate analysis algorithm, which reduces the variables in a data by geometrically projecting 
them onto lower dimensions called principal components (PCs). The data can then be plotted 
based on these few components and group similarities and differences assessed visually (Ringnér, 
2008; Jollife and Cadima, 2016). Generally, separation of experimental groups by PCA increases 
the reliability of the separation achieved by OPLS-DA (Worley and Powers, 2016).

The OPLS-DA model was constructed using the ropls R package (Thévenot et al., 2015). The 
data used consisted of SVIs from detached cotyledons inoculated with water (mock) or B. lactucae 
inoculum solution. The predictor variables X consisted of 115 SVIs and the response variable Y 
consisted of the two levels mock or B. lactucae inoculated. First, the unsupervised segregation 
of the samples was checked by PCA prior to OPLS-DA. The parameters R2Y and Q2Y along 
with associated p-values were used to evaluate the performance of the model. SVIs having high 
contribution to the separation of the groups were selected by setting a threshold of VIP ≥ 1. 

4.2.5.2 Decision tree classification

Decision tree classification (DTC) was used to categorise samples as uninfected or B. lactucae 
infected and to identify the optimal SVI for this classification. DTC is a supervised machine-
learning method that uses algorithms to classify categorical response variables. DTC algorithms 
recursively partition a response variable into subsets based on the relationship to predictor variables. 
At each stage, the algorithm partitions the data using the predictor variable and at a threshold 
value which gives the greatest change in explained deviance. The resulting tree represents a series 
of steps in which data is split in to smaller and smaller subsets until no further splitting is possible 
and generally the first selected predictor variable (root node) represents the best classifier (Song 
and Lu, 2015; Ibrahim et al., 2019). 

To generate decision trees, the rpart algorithm from the R package, rpart (Therneau and 
Atkinson, 2019) was employed. The response variable was set as inoculation status (mock or B. 
lactucae inoculated) and 115 distinct SVIs were used as predictor variables. The data was split into 
training and testing at a ratio of 80:20. Separate decision tree models were created for detached 
cotyledons and leaves, whole plants at the 7 dpi time point, as well as series of models for whole 
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plants at eight time points from 0 to 7 dpi. After training DTC models, performance was assessed 
using the test data. Model overall accuracy (OA) in the test data was calculated using a confusion 
matrix, as the sum of correct classifications divided by total number of classifications and is scaled 
0 – 1 (Story and Congalton, 1986). Further assessment of model performances was made using 
Cohen’s kappa coefficient (k). The k metric assess the agreement between a model’s observed 
accuracy and the expected accuracy from a random classifier and indicates the proportion of 
achieved agreement above that expected by chance classifications and is scaled 0 – 1 (Sim and 
Wright, 2005; McHugh, 2012). Variable importance (Vimp) is a measure of the contribution of 
each predictor variable to model performance. Vimp was computed as the level of reduction in 
predictive accuracy when a variable is removed from the model and is scaled 0 -100 (Therneau 
and Atkinson, 2015).

4.2.5.3 Measuring relative chemical impacts on SVI values

The chemical impact on SVI (CIS) was formulated as a measure of the change in SVI value due 
to chemical treatment. The CIS for each SVI was calculated as the sum of absolute change for 
all doses normalised to a control (Dose= 0) according to the formula Σ|(SVIDX - SVID0)/ SVID0|, 
where SVIDX is the SVI value at the treatment doses for each chemical and SVID0 is the SVI value 
for the control treatment. This formula returned a single CIS value for each SVI chemical pair 
and was used as a means to assess the sensitivity of a given chemical treatment. 

4.2.5.4 Examination of the relationship between disease scores and SIPI values by 
Spearman’s rank correlation

To examine the relationship between disease scores for B. lactucae infection and SIPI values, 
Spearman’s rank correlation was employed. The R package stats (R Core Team, 2021) was used 
to calculate Spearman’s rank correlation coefficient rho (ρ) and the associated p-value for the 
significance level of the correlation. 
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4.3 Results

4.3.1 Assessing the efficacy of the chemical IR agents in tomato against B. 
cinerea 

To assess the efficacy of the IR agents against B. cinerea in tomato, seedlings were treated with 
BABA, RBH or ChP doses, and challenged two days later with B. cinerea. Since B. cinerea is 
necrotroph whose symptoms are easily visible on plant tissue, infection severity in the cotyledons 
was first quantified destructively by measuring the area of lesions in detached leaves at two days 
pot inoculation (dpi) using high-resolution images taken with a DSLR (Fig 4.1).  In the BABA- 
and RBH-treated seedlings, dose had no significant effect on lesion area and disease severity was 
the same as the control treatments. In contrast, ChP dose had strongly significant effects on B. 
cinerea disease development in tomato seedlings. All ChP doses significantly reduced B. cinerea 
lesion area compared to the control group.

To compare the destructive scoring presented in Fig. 4.1 to non-destructive analysis by HSI, B. 
cinerea-infected seedlings were imaged for five days. However, infection caused cotyledons to 
collapse and, consequently, they dropped out of view of the HSI camera. Since the onset and 
progress of disease symptoms was rapid – in some cases cotyledons were severely necrotic by 
1 dpi – it made the acquisition of images difficult. Therefore, to investigate the hyperspectral 
signatures of B. cinerea infection, and how the IR agents affect these signatures, cotyledons had 
to be detached and imaged at two dpi. Fig 4.2 shows hyperspectral signatures from detached 
cotyledons after receiving treatments of the three IR agents and subsequent challenge with B. 
cinerea. This hyperspectral data was consistent with the lesion area data presented in Fig. 4.2. The 
signatures of inoculated cotyledons from plants that had been pre-treated with the two β-amino 
acids (BABA and RBH) were fairly similar to that of inoculated cotyledons from control-treated 
plants, whereas the signatures of ChP-treated plants were clearly distinct from the controls, 
showing notably higher reflectance in the green and NIR bands. There was also a strong left shift 
of the red edge position (Fig. 4.2).
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Fig 4.1 | Dose-dependent efficacy of IR agents in tomato against B. cinerea. (A) Sample images of 
B. cinerea infected detached cotyledons receiving increasing doses of the IR agents. (B) Measurement 
of lesion area from detached cotyledons quantified by the DSLR at 2 dpi. The plots show mean 
B. cinerea infection lesion area (mm2) ± SE. Statistical significance of the effect of chemical dose 
on lesion area was tested for by Kruskal-Wallis tests. Chemical dose treatments that are statistically 
different from the control treatment (Dose = 0) was carried out by Dunn’s tests and denoted as * for 

p < 0.05, ** for p < 0.01, and *** for p < 0.001. 
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Fig 4.2 | Effects of IR agents on the hyperspectral signatures B. cinerea infected tomato 
cotyledons. The presented curves show mean reflectance ± SE for seedlings treated with all doses of 
BABA (blue), RBH (red), ChP (green) or water (purple). 

Since inoculation with B. cinerea causes necrotic lesions that are associated with loss of chlorophyll 
content (Melouk, 1978), the SVI MCARI2 was selected from the HSI spectra, which provides 
a measure of chlorophyll content. To determine if IR agent dose influenced MCARI2 values, 
Kruskal-Wallis tests were carried out and, where dose had a statistically significant effect, pairwise 
comparisons to the controls were performed, using a Dunn’s test. In cotyledons, from seedlings 
receiving increasing doses of BABA or RBH, no statistically significant effects were found in 
either group (Fig. 4.3). By contrast, for inoculated cotyledons from seedlings pre-treated with 
ChP, MCARI2 values increased with rising dosage, which was statistically significant (p < 0.001 
; Kruskal-Wallis test; Fig. 4.3). Furthermore, a post-hoc comparison to the control with Dunn’s 
test showed all ChP doses had significantly higher MCARI2 values (Fig. 4.3). 
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Fig 4.3 | Effects of IR agents on chlorophyll abundance in B. cinerea infected tomato cotyledons. 
The presented boxplots are of MCARI2 values at increasing BABA, RBH and ChP doses in detached 
tomato cotyledons infected with B. cinerea. Kruskal-Wallis tests were carried out to examine if IR 
agent dose had a significant effect on MCARI2 values. Where there was a statistically significant dose 
effect, pairwise comparisons to the controls (Dose = 0) were performed using Dunn’s test and denoted 
as * for p < 0.05, ** for p < 0.01, and *** for p < 0.001. 

Thus, due to its necrotrophic nature, B. cinerea caused major changes to the infected tissue that 
could be identified easily with both RGB and HSI sensors, enabling quantification of disease 
severity and the subsequent assessment of the efficacy of the IR agents. The β-amino acids BABA 
and RBH did not affect lesion size from B. cinerea infection (Fig. 4.1). Likewise, the spectral 
signatures of inoculated cotyledons of plants pre-treated with these chemicals was identical to 
the inoculated cotyledons from water-treated plants (Fig. 4.2), while MCARI2 values showed 
chlorophyll content was similar between BABA-, RBH- and water-treated plants (Fig. 4.3). This 
indicates that both beta-amino acid IR agents failed to alter disease progression. By contrast, 
plants pre-treated with ChP showed significantly reduced lesion sizes (Fig. 4.1), spectral signatures 
that are markedly different from the infected controls (Fig. 4.2), and MCARI2 values indicating 
statistically increased chlorophyll content compared to the controls (Fig.4.3). Together, these 
results indicate BABA and RBH are ineffective in reducing B. cinerea infection, whereas ChP acts 
a potent IR agent against B. cinerea infection.

4.3.2 Assessing B. lactucae disease symptoms in lettuce by Trypan-blue scoring

To assess the efficacies of the three IR agents against the biotrophic downy mildew pathogen B. 
lactucae, lettuce seedlings were treated with BABA, RBH or ChP doses and spray-inoculated 
two days later with conidiospores of B. lactucae. Initially, disease severity was scored destructively 
by collecting leaf tissues at seven dpi for trypan-blue staining and microscopy analysis. This 
traditional method of trypan-blue scoring served as a standard comparison for the performance 
of HSI-based methods, and was based on a categorical scale to distinguish between different 
stages of colonisation by the Oomycete (Asai, Shirasu and Jones, 2015). 
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In general, colonisation by B. lactucae decreased with increasing chemical dose in both leaves 
and cotyledons (Fig 4.4, top). The effect of dose on disease severity was significant for all three 
chemicals (BABA p < 0.001, RBH p < 0.001, ChP p < 0.003; Kruskal-Wallis test). Of the 
three chemicals, BABA was the most potent, such that all BABA treatment groups resulted in 
significantly lower colonisation rates. None of the leaves from BABA-treated seedlings resulted 
in B. lactucae sporulation (disease score 3) and only a small proportion of leaves receiving the 
two lowest doses (0.125 and 0.25 mM) showed colonisation by the oomycete (disease score 2) 
- all higher doses completely prevented infection. RBH was less potent than BABA, where only  
treatment with 0.125 and 2 mM RBH reduced infection. Most leaves in these treatment groups 
remained free of colonisation and none of the leaves showed sporulation. In the other RBH 
treatment groups (0.25, 0.5 and 1 mM), infection was not significantly different from the control 
group and a proportion of the leaves in each group showed sporulation. Compared to RBH, ChP 
was the least effective against B. lactucae. In all treatment groups, some leaves had the highest 
disease score and only the highest dose (1% w/v) resulted in statistically significant reductions in 
infection, although still allowing for sporulation.  

To evaluate differences in infection severity between cotyledons and true leaves, disease scores 
were examined by leaf type. Generally, infection was more severe in cotyledons (Fig 4.4, middle) 
relative to the true leaves, with a larger proportion of leaves displaying the severe colonisation and 
formation of conidiospores (level 3). For all three chemicals, the effect of dose on disease severity 
was significant (BABA p < 0.001, RBH p < 0.001, ChP p < 0.001; Kruskal-Wallis test), where 
BABA was the most effective. All BABA doses resulted in statistically significant reductions in 
B. lactucae colonisation relative to the control group. Only a small portion of cotyledons from 
the lowest BABA dose group (0.125 mM) showed signs of colonisation (level 2) and cotyledons 
from higher dose groups were completely free of pathogen colonisation. Compared to the control 
group, RBH-treated plants showed reduced strongly reduced levels of B. lactucae colonisation at 
0.125 and 2 mM, without colonisation, while all other doses appeared statistically ineffective. 
ChP was effective at the three highest doses (0.25, 0.5 and 1 %w/v), although this protection was 
relatively mild compared to the control group and still allowed for sporulation by the pathogen. 

At the point of inoculation with B. lactucae, the first true leaves had not fully emerged. 
Consequently, these leaves were exposed to lower numbers of B. lactucae spores than the 
cotyledons, which explains why the true leaves showed relatively low levels of colonisation (Fig 
4.4, bottom).  Of the three chemicals, only BABA had a statistically significant effect of on 
downy mildew infection (p < 0.001; Kruskal-Wallis test). Treatment with BABA 0.5 mM and 
higher resulted in significantly lower disease scores compared to the control. None of the leaves 
from BABA-treated plants allowed for sporulation by the pathogen. Although RBH appeared 
equally effective at supressing sporulation in true leaves at all doses (class 3), these effects were 
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not statistically significant compared to the control treatment, likely because of the low disease 
incidence in the control group. The true leaves from plants pre-treated with 0.063 %w/v ChP 
allowed some sporulation, while higher concentrations of ChP suppressed sporulation fully, 
although these effects were not statistically significant compared to the control. 

In summary, the conventional trypan-blue scoring revealed that BABA is the most potent IR 
agent in suppressing B. lactucae in lettuce (cv. Kavir). Although RBH was less effective than 
BABA, it managed to suppress sporulation by the Oomycete at two different concentrations, 
while ChP was the least effective of all and failed to suppress sporulation at all concentrations 
tested. 
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Fig 4.4 | Assessing IR agent efficacy in lettuce against downy mildew disease by trypan-blue 
scoring. The presented bars show the percentage of the leaves at each disease score (1 = white, 2 = light 
blue and 3 = dark blue) for each IR agent treatment dose of the. The top panel shows disease scores 
for all leaves, the middle shows cotyledons and the bottom true leaves. To examine the significance 
of chemical dose effect on disease score, Kruskal-Wallis tests were carried out. Where dose effect was 
significant, pairwise comparisons to the controls (Dose = 0) were performed using Dunn’s test and 
denoted as * for p < 0.05, ** for p < 0.01, and *** for p < 0.001.
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4.3.2 Disentangling Hyperspectral parameters of B. lactucae infection and 
chemical phytotoxicity in lettuce

The trypan-blue scoring method of evaluating the efficacies of the IR agents was time intensive, 
destructive and provided limited quantitative data, whereas assessments based on HSI sensor data 
are non-destructive and generated quantitative data. However, phenotyping disease symptoms 
by imaging in the lettuce-B. lactucae pathosystem is challenging as B. lactucae is an obligate 
biotroph with a relatively long asymptomatic period prior to sporulation, hence causing only 
subtle changes to its host (Fletcher et al., 2019). 

4.3.2.1 The relative effects of B. lactucae infection and chemical phytotoxicity on 
lettuce HSI parameters

The effects of chemical stress could be detected and quantified with a HSI sensor (Figs 3.5, 3.6 
and 3.7). To quantify chemical IR, it is important to select a HSI method that can distinguish 
chemical stress by the IR agents from biological stress from the pathogen. To this end, first the 
spectral impacts of BABA, which was the most phytotoxic of the three IR agents tested (Chapter 
3) was compared to those by B. lactucae (Fig 4.5). The hyperspectral signatures of water-treated 
seedlings differed from that of both BABA- and B. lactucae-treated plants. BABA induced 
differences in the visible region (400-700 nm) whilst B. lactucae resulted in more pronounced 
differences in the NIR (<700 nm). SVIs selected to identify chemical stress (ARI2, CRI2 and 
MCARI2) showed changes in response to both BABA and B. lactucae (Fig 4.5B), rendering 
them unsuitable to quantify BABA-IR against B. lactucae. Since both the chemical IR agent and 
B. lactucae would be applied to the same samples, it was essential to disentangle the effects of B. 
lactucae infection and chemical phytotoxicity.
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Fig 4.5 | Hyperspectral parameters of B. lactucae and chemical stresses in lettuce. (A) The presented 
curves are mean reflectance intensities at individual wavelengths in the visible spectrum (VIS; 400 – 
700 nm) and a portion of the near-infrared spectrum (NIR; 700 – 895 nm). The red curve shows the 
hyperspectral signature of healthy (water treated) seedlings, the red B. lactucae infected and the blue 
BABA (2 mM) treated. (B) The presented boxplots show SVI values for seedlings receiving increasing 
BABA doses. ARI2, CRI2 and MCARI2, respectively track anthocyanin, carotenoid and chlorophyll 
content. 
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4.3.2.2 Using multivariate statistics to identify SVIs responsive B. lactucae symptoms 
in lettuce  

SVIs have been shown to be an effective means of indirectly detecting plant diseases (Mahlein 
et al., 2013; Lowe, Harrison and French, 2017). To find optimal SVIs for early and quantitative 
detection of downy mildew disease in lettuce, 115 SVIs were computed from the HSI data of 
the detached cotyledons experiment, since these showed higher infection rates than true leaves 
by trypan-blue scoring (Fig 4.4). The 115 SVIs were then subjected to multivariate analysis. 
To examine the separability of the groups based on SVIs values an unsupervised PCA was 
performed.  In the score plot of PC1 against PC2, samples tended to cluster by inoculation 
group although there was significant overlap (Fig 4.6A). The first two principal components 
respectively explained 55.9% and 16.9% of the variance respectively. To determine which SVIs 
most significantly contribute to the observed separation, a supervised OPLS-DA was performed. 
As illustrated in Fig 4.6B, the OPLS-DA score plot showed good separation between mock- and 
B. lactucae-inoculated cotyledons. Overall, the performance of the OPLS-DA model was good. 
Along with a high accuracy score (RMSE = 0.191), the model fitting capacity (R2X = 0.786 and 
R2Y 0.857, p < 0.001) and predictive capacity (Q2Y = 0.847, p < 0.001) were both high and 
statistically significant. To highlight the most robust SVIs driving the observed separation, a VIP 
threshold of ≥ 1 was set. Ultimately, this yielded 53 SVIs that were deemed to be the discriminant 
between mock and B. lactucae inoculated detached lettuce cotyledons.

4.3.2.3 Identifying B. lactucae selective SVIs 

HSI quantification of chemical IR against B. lactucae, requires SVIs that are responsive to stress 
by B. lactucae but minimally responsive to chemical stress by IR agents. From the initial number 
of 115 SVIs, OPLS-DA returned 53 SVIs that are B. lactucae-responsive (VIP ≥ 1). To select 
SVIs that are minimally responsive to chemical stress, the same 115 SVIs were analysed for their 
response to chemical IR treatments by calculating the sum of absolute value change of each SVI 
in response to all three IR agents (BABA, RBH and ChP). A threshold of chemical impact ≤ 
0.1 was set, and 58 SVIs identified that were minimally responsive to chemical IR treatment, of 
which 9 SVIs were responsive to downy mildew infection (Fig. 4.7). This selection of SVIs could 
be grouped by function. CI is a measure of chlorophyll content (CI). Four SVIs relate to healthy 
green vegetation (GDVI_2, GDVI_3, GDVI_4 and mNDVI). Four of these SVIs relate to the 
ratio of chlorophyll and carotenoids content (SIPI, SIPI2, SIPI3 and SRPI). Fig 4.7B shows the 
responsiveness to chemical and downy mildew of infection for three SVIs (CI, mNDVI and 
SIPI) representative of these groupings.  The values of these three SVIs from infected (B. lactucae), 
chemical-treated (2 mM RBH; representative for high-end chemical stress) and control (water-
treated) were measured over time. As expected, both the chemical stress and control treatment 
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showed minimal change over time, whereas B. lactucae inoculation resulted in progressive changes 
in the selected SVI values. This demonstrates that the selected SVIs are selective for stress caused 
by B. lactucae infection and robust against chemical stress caused by IR agent, hence suitable for 
the quantification of chemical IR against downy in lettuce.  
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Fig 4.6 | Multivariate statistical analysis of SVIs data from healthy and infected cotyledons. 
Presented is multivariate analysis using 115 SVIs as predictor variables and inoculation status (mock; 
blue and B. lactucae infected; red) as the response variable. (A) PCA variable correlation plot of all 
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chemical and B. lactucae stress of three SVIs representative of the function groupings of the nine SVIs 
identified as B. lactucae selective.

In addition to multivariate analysis, a machine learning approach was implemented to identify 
SVIs that are suitable for detecting B. lactucae infection in lettuce. Using the entire HSI data 
set of whole plants (non-destructive) and detached cotyledons and true leaves (destructive) at 7 
dpi, decision tree models were created by the ‘rpart’ algorithm, using inoculation group as the 
classifier variable and 115 SVIs as the predictor variables. The decision tree models identified 
three sets of SVIs with high importance in the classification of both groups (Fig 4.8A) and high 
accuracy in predicting treatment (Fig 4.8B). In whole plants at 7 dpi, the SIPI, mSR, mNDVI 
and SIPI2 performed best for group classification with equal prediction values (OA = 0.94, k = 
0.88, p = 0.002). In detached cotyledons SIPI, mSR and mNDVI performed best, giving equal 
prediction rates (OA = 0.89, k = 0.78, p < 0.001), while performance was slightly lower than in 
whole plants. Similarly, classification overall accuracy (OA) in true leaves was high, however in 
contrast to the whole plants and cotyledons, optimal classification was achieved with ARI1 (OA 
= 1.0, k = 1.0, p < 0.001), SIPI on the other hand was not identified in the decision tree models.  
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Fig 4.8 | DTC to select SVIs robust at predicting B. lactucae infection. (A) The variables with the 
highest Vimp values in the classification of the mock and B. lactucae inoculated samples. (B) Decision 
tree diagram for the optimal prediction SVI and the associated performance parameters. 

To investigate differences of the two groups over a time-course of disease progression, the decision 
tree algorithm was implemented using the whole plant data from 0 to 7 dpi. The predictive 
performances of the algorithm over this period are shown in Table 4.1.  At the point of inoculation 
(0 dpi) samples essentially had an equal chance (0.56) of assignment in to either group. However, 
just a day after inoculation OA increased to 0.72. At 4 dpi, which was the point the infected 
plants showed the first signs of sporulation, and at 7 dpi, when infection was most severe, OA 
was highest at 0.94. 
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Table 4.1 | Decision tree performance in the classification of inoculation group in lettuce seedlings over 
time

Time
(dpi) OA k p.value

0 0.556 0.153 0.768

1 0.722 0.483 0.237

2 0.722 0.430 0.237

3 0.722 0.430 0.237

4 0.944 0.886 0.002

5 0.833 0.675 0.04

6 0.833 0.620 0.04

7 0.944 0.880 0.002

4.3.3 SIPI: An optimal SVI for measuring B. lactucae infection levels in lettuce 

Based on the results of the multivariate analysis and the DTC, the SVIs SIPI and mNDVI 
appeared the best performing for detection of B. lactucae infection in cotyledons. Although the 
performance of both these SVIs to detect B. lactucae disease was similar based on OPLS-DA VIP 
scores and OA in DTC, the analysis of chemical impact revealed that SIPI was less responsive to 
chemical treatment than mNDVI (Table 4.2). This suggested SIPI would be the more suitable 
SVI for quantifying chemical IR against B. lactucae. To validate SIPI as a predictive SVI for B. 
lactucae colonisation, the association between SIPI and disease scores from trypan-blue staining 
was analysed by correlation analysis between averaged colonisation values and SIPI values per 
plant. Spearman’s rank correlation revealed a positive correlation (ρ = 0.73), which is statistically 
significant (p < 0.001; Fig 4.9). Accordingly, SIPI was selected for quantification of chemical IR 
in lettuce.

Table 4.2 | Performance of the most optimal SVIs in B. lactucae symptom detection in lettuce

SVI
OPLS-DA

VIP
DTC 
OA

Chem Impact

SIPI 1.634 0.89 0.039

mNDVI 1.639 0.89 0.076
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Fig 4.9 | Correlation between SIPI and Disease Score. Shown is a scatter plot of disease score 
against SIPI value for B. lactucae inoculated detached cotyledons. Disease scores and SIPI values 
are averages of the cotyledons from a single plant. Spearman’s rank correlation using Student’s t 
distribution was used to evaluate the strength, direction and significance of the relationship between 
SIPI and disease score.  

4.3.4 Using SIPI to assess the efficacies of the IR agents against B. lactucae 
infection in lettuce 

To assess the efficacies of IR agents, HSI analysis of SIPI was used to non-destructively monitor 
colonisation of water-, RBH-, BABA-, and ChP-treated lettuce by the downy mildew pathogen 
B. lactucae.  To this end, lettuce seedlings (cv. Kavir) were treated with increasing doses of the three 
chemicals and challenged two days later with B. lactucae spores (105 spores.mL-1). Subsequently, 
plants were scanned daily with the HSI camera. This experiment was repeated twice and Fig 4.10 
shows the combined SIPI values for seedlings of both experiments at 7 dpi. In BABA-, RBH- 
or ChP-treated seedlings, SIPI values were the highest in the controls (Dose = 0) and generally 
decreased with increasing dose of IR agent. 

For all three IR agents, dose had a significant effect on SIPI values (BABA p < 0.001, RBH p 
< 0.001, ChP p < 0.032 ; Kruskal-Wallis). BABA was the most potent of the three IR agents. 
In BABA-treated seedlings, SIPI values dropped from the control to the lowest dose (0.125 
mM) and did not decline further with increasing doses. This observation was consistent with the 
pattern observed by the trypan-blue disease scores (Fig 4.4). Since BABA had a high IR potency 
at all tested doses, a further experiment was conducted to test efficacy at a lower dose range (Fig 
4.11). Seedlings were soil-drenched with five different BABA doses in the range 0.004 – 0.063 
mM and then infected with downy mildew in a similar manner as described above. At 0.008 
mM (16 times lower than the previous lowest tested dose), BABA still significantly lowered SIPI 
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values compared to the controls. Likewise, RBH showed efficacy against B. lactucae infection. 
However, it was less potent than BABA and not all RBH doses suppressed SIPI values. While 
the lowest RBH dose (0.125 mM) was effective in reducing SIPI, the second highest dose (0.25 
mM) was not, which again supported the trypan-blue disease data (Fig. 4.4). Interestingly, this 
non-hormetic pattern of disease protection by RBH was observed independently from the HSI 
data in the two experiments. In comparison to two β-amino acids, ChP was least effective at 
suppressing downy mildew disease and only statistically suppressed SIPI values at the highest two 
doses. 
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Fig 4.10 | Dose-dependent efficacy of IR agents in lettuce against B. lactucae. The plots show 
mean SIPI values ± SE. The data is of whole plants combined from two independent experiments at 
7 dpi. Statistical significance of the effect of chemical dose on SIPI value was tested for by Kruskal-
Wallis tests. Chemical dose treatments that are statistically different from the control treatment (Dose 
= 0) was carried out by Dunn’s tests and denoted as * for p < 0.05, ** for p < 0.01, and *** for p < 0.001. 
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Besides being responsive to disease stress by B. lactucae, SIPI was selected because it had relatively 
low sensitivity to chemical stress by IR agents (i.e. low ‘Chemical Impact’ value). Indeed, SIPI 
values of the mock-inoculated seedlings (Fig 4.10 and Fig 4.11) showed minimal change with 
increasing chemical dose. Nonetheless, SIPI did change in response to the higher doses of BABA 
(0.125 – 2 mM; Fig. 4.10), whereby values increased relative to the water-treated control group 
and remained constant across a range of increasing doses. At the lower dose (Fig. 4.11), BABA 
treatments (0.004 – 0.063 mM), this SIPI response to BABA-induced stress was less pronounced. 
Although the same effect was observed for RBH and ChP, the increases in SVI occurred at 
higher doses only and were considerably smaller than the SIPI response to high concentrations 
of BABA. Thus, SIPI appears to be an appropriate SVI for quantifying the efficacy of IR against 
downy mildew infection and seems most reliable at relatively low doses of the chemical IR agent.  
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Fig 4.11 | Efficacy of low BABA doses against B. lactucae in lettuce. The presented line plots 
show mean SIPI values ± SE. The data is from whole plants at 7 dpi. Statistical significance of the 
effect of BABA dose on SIPI value was tested for by Kruskal-Wallis tests. BABA dose treatments that 
are statistically different from the control treatment (Dose = 0) was carried out by Dunn’s tests and 
denoted as * for p < 0.05, ** for p < 0.01, and *** for p < 0.001. 
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4.4 Discussion

In addition to the phytotoxic effects discussed in chapter 3, the deployment of chemical IR 
agents in crop protection has been hindered by low and/or variable efficacy (Yassin et al., 2021). 
The efficacy of IR agents depends on the challenging pathogen (Sharma, Butz and Finckh, 2010) 
and is plant species- and cultivar-dependent (Hijwegen and Verhaar, 1995; Dann et al., 1998). 
Previously, the IR agents BABA, RBH and ChP have all been reported to display efficacy against 
the necrotrophic fungus B. cinerea in different varieties of tomato (Luna et al., 2016; Buswell et 
al., 2018; Li, Sheng and Shen, 2020; De Vega et al., 2021). Similarly, BABA and ChP have been 
reported to be effective against the biotrophic oomycete B. lactucae in lettuce varieties (Cohen, 
Rubin and Kilfin, 2010; Abdel-Maksoud Abada, 2017). By contrast, the IR effects of the 
relatively new IR agent RBH has not been reported outside of tomato and Arabidopsis (Buswell 
et al., 2018). This Chapter presents the development of image sensor-based methods to quantify 
grey mould and downy mildew disease symptoms, which subsequently were used to ascertain the 
dose-dependent efficacies of the IR agents BABA, RBH and ChP in tomato (cv. Moneymaker) 
and lettuce (cv. Kavir) against B. cinerea and B. lactucae, respectively.  

HSI for the detection and quantification of grey mould (B. cinerea) and downy mildew (B. 
lactucae) in tomato and lettuce, respectively, requires different approaches that are dictated by 
the nature of the these pathogens. B. cinerea has a necrotrophic lifestyle and its infection strategy 
involves the production of cell wall-degrading enzymes and induction of programmed cell death 
in the host, resulting in tissue collapse and fast-spreading lesions (Williamson et al., 2007). 
Indeed, B. cinerea inoculation of tomato resulted in rapidly spreading necrosis within 24 hours of 
inoculation. This aggressiveness of B. cinerea made imaging of the infection sites in the plants, and 
hence tracking disease development, difficult. Nevertheless, due to the severe aggressiveness and 
necrotic symptoms the identification and quantification of disease was relatively straightforward 
and could be quantified readily from RGB images. Although the opportunity to track the 
onset and progress of the grey mould by HSI was lost, data gathered from the detached tomato 
cotyledons captured the biochemical changes caused by the pathogen. In past studies of the 
protective effects of IR agents against B. cinerea in tomato, the common practice has been to use 
detached true leaves (Audenaert, De Meyer and Höfte, 2002; Luna et al., 2016; De Vega et al., 
2021). Similarly, previous HSI approaches to detect of B. cinerea infection were often based on 
detached true leaves (Zhu et al., 2017; Fahrentrapp et al., 2019; Scarboro et al., 2021). This use 
of detached leaves for image-based phenotyping of disease symptom progress is necessitated by 
the difficulties of imaging growing plants. However, this approach was not taken in this study. 
As HSI sensors are sensitive to small physio-chemical changes in vegetation (Li et al., 2015; 
Mirzaei et al., 2019) and the experimental plants were subjected to both biotic (B. cinerea) and 
abiotic (IR agents) treatments, it was deemed best to minimise the stress effects arising from 
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wounding and only detach leaves at the end of the experiment. Indeed, how the detachment 
process would affect the defence status of the leaves was unknown and conclusions based on such 
results may not translate well to intact plants. Thus, while the high aggressiveness of the pathogen 
did not allow for the HSI to track B. cinerea disease non-destructively, the IR response could be 
quantified by HIS in intact (non-wounded) plants.

The three IR agents (BABA, RBH and ChP) had markedly different capabilities to protect against 
grey mould in tomato (cv. Moneymaker). The inoculation of tomato with B. cinerea resulted 
in rapid progression of disease. As early as one-day post inoculation, infected leaves collapsed 
and this necessitated reliance on destructive end-point measurements. Disease symptoms in the 
detached cotyledons was assessed with imaging sensors by means of lesion area, hyperspectral 
signatures and chlorophyll content from MCARI2 values. Together these parameters gave a 
highly consistent measure of the efficacies of the agents in tomato (cv. Moneymaker) against B. 
cinerea. The β-amino acids BABA and RBH were ineffective. Average lesion area for all treatment 
doses of the two agents was not significantly different from the water treatment (Fig 4.1), their 
hyperspectral signatures overlapped with the infected controls (Fig 4.2) and MCARI2 values 
(chlorophyll content) were as low as the infected controls (Fig 4.2). By contrast, ChP was highly 
effective at controlling grey mould. All ChP doses significantly lowered lesion area, hyperspectral 
signatures were distinct from that of diseased controls and MCARI2 values for all doses were 
significantly higher than for the diseased controls. 

The results from the B. cinerea-tomato pathosystem underscore the importance of experimental 
verification in the selection and use of IR agents in crop protection. Previously in the same 
Moneymaker cultivar, BABA was reported to effectively control B. cinerea infection (Luna et al., 
2016). A difference between these studies, which could account for the contrasting results, is 
age. In the Luna et al. (2016) study, the age of the plants used was at least one week older than 
plants used in this study. It is known that plant age influences the outcome of plant-pathogen 
interactions (Hu and Yang, 2019). The phenomenon of ‘age-related resistance’ (ARR), in which 
plants transition from susceptibility to resistance toward pathogens due to developmental 
changes, has been demonstrated in many plant species, such as Arabidopsis (McDowell et al., 
2007), strawberry (Asalf et al., 2014) and tomato (Zhang, Liu and Pan, 2021). It is thought that 
this relatively low level of disease resistance is a safeguard against yield losses, dwarfism and tissue 
damage arising from constitutive immune activation during the period of maturation (Brown, 
2002; Bomblies and Weigel, 2007; Zhang, Liu and Pan, 2021). 

In contrast to the two β-amino acids, ChP showed highly significant efficacy against B. cinerea 
in tomato (cv. Moneymaker) at all the tested doses (0.063 - 1 % w/v). Previously ChP treatment 
solutions were reported to significantly reduced lesion size in the same pathosystem. Although 
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concentrations of 0.1 % w/v and higher had antifungal effect, arresting B. cinerea hyphal growth, 
a 0.01 % w/v treatment solution induced callose formation and reduced B. cinerea lesions whilst 
not showing any direct antifungal activity (De Vega et al., 2021). Moreover, De Vega et al. (2021) 
revealed through transcriptomic analysis that ChP primed the induction of plant defence genes 
as early as nine hours after inoculation. Similarly, ChP has been found to be effective against 
B. cinerea infection in fruits, such as strawberries (Romanazzi et al., 2013), grapes (Muñoz and 
Moret, 2010) and tomatoes (Zhang et al., 2015). Various studies have shown that this protective 
effect of ChP is the result of its activation of cellular and molecular defences, such as callose 
(Kauss, Jeblick and Domard, 1989; De Vega et al., 2021), chitinases (Mauch, Hadwiger and 
Boller, 1984), peroxidase (Zhang et al., 2015) and lignin (Zhang et al., 2015), as well as having 
direct antimicrobial activity (Sahariah and Másson, 2017).

Biotrophic pathogens, compared to necrotrophic pathogens,  do not cause necrosis during the 
early stages of infection and, generally, progress more slowly (Koeck, Hardham and Dodds, 
2011; Fall, Van Der Heyden and Carisse, 2016; Mahlein, 2016). Considering the chemical stress 
effects by IR agents, the detection and quantification of relatively subtle disease symptoms by 
biotrophic B. lactucae in lettuce required a more complex data analysis approach. Although this 
downy mildew disease could be detected by the HSI sensor, the chemical stress by IR agents 
also had effects on hyperspectral reflectance. Therefore, to quantify IR against downy mildew, 
it was necessary to separate the two stress responses by HIS and select SVIs that are responsive 
to stress by B. lactucae and not to chemical stress by IR agents. First, OPLS-DA was used to 
identify SVIs sensitive to downy mildew symptoms, which  is a powerful multivariate statistical 
modelling method that has been previously used to discriminate groups in high-dimensional 
spectral data (Worley and Powers, 2016). Although OPLS-DA can be prone to statistically 
unreliable group separation, reliable inferences can be inferred from thoroughly validated models 
with highly significant fitting capacity (R2) and predictive capacity (Q2) (Bylesjö et al., 2006; 
Worley and Powers, 2016). In this study, the separation of samples from downy mildew- and 
control-treated samples by OPLS-DA yielded highly significant fitting (R2

 = 0.857, p < 0.001) 
and predictive capacities (Q2 = 0.847, p < 0.001). Along with SVIs separation by OPLS-DA, a 
rating for SVI sensitivity to chemical effects was used. Together, these approaches identified SIPI 
as an SVI, which were responsive to stress by downy mildew disease, while relatively unresponsive 
to chemical stress by IR agents. Moreover, the use of a DTC method to detect downy mildew 
validated the result of the multivariate analysis, also returning SIPI as the best SVI to detect 
downy mildew infection with a high accuracy (OA = 0.94, kappa = 0.88). DTC is a method that 
has been frequently employed for prediction in HSI data (Berhane et al., 2018; Lim, Kim and 
Jin, 2019; Abbas et al., 2021).

While only ChP was effective in mediating IR in the B. cinerea-tomato interaction, all three 
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agents reduced infection levels by B. lactucae in lettuce, albeit to different levels and efficiencies. 
BABA was the most potent of the three agents; even the smallest dose of 0.008 mM tested 
reduced B. lactucae symptoms (SIPI) to statistically significant levels and was 16 and 64 times 
more potent than the lowest effective doses of RBH and ChP, respectively. In previous studies, 
the use of defence mutants has demonstrated that the mechanisms of BABA-IR are diverse 
and dependent on the pathosystem (Cohen, Vaknin and Mauch-Mani, 2016). For example, in 
Arabidopsis, BABA is effective against the necrotrophic fungus B. cinerea, which acts through 
a NPR1-dependent SA signalling pathway (Zimmerli, Métraux and Mauch-Mani, 2001). By 
contrast, against the biotrophic  oomycete Hyaloperonospora arabidopsidis, BABA-IR can operate 
independently of SA-, JA-, and ET signalling (Zimmerli et al., 2000; Ton et al., 2005), but 
instead is dependent on ABA signalling that controls callose accumulation and efficacy (Ton 
et al., 2005; Schwarzenbacher et al., 2020). Similarly, in lettuce, BABA induced rapid callose 
encasement of the primary infection structures of B. lactucae and prevented its progress into the 
host (Cohen, Rubin and Kilfin, 2010). Alongside the callose deposition, it has been reported 
that BABA-primed plants accumulate increased amounts of hydrogen peroxide (H2O2) at host 
cells penetrated by B. lactucae (Cohen, Rubin and Kilfin, 2010). This BABA-induced priming of 
reactive oxygen species (ROS) by BABA has also been reported in tomato against Pseudomonas 
syringae pv. tomato (Baysal et al., 2007) and in grapevine against the downy mildew Plasmopara 
viticola (Dubreuil-Maurizi et al., 2010). Rather than acting directly on pathogens, there is 
increasing evidence that H2O2 has a defence-signalling role (Dubreuil-Maurizi et al., 2010; 
Saxena, Srikanth and Chen, 2016; Černý et al., 2018). In addition, H2O2 could act as a substrate 
for peroxidases in the lignification of cell walls. 

At the time of writing, the activity of RBH has not been tested in lettuce. However, similar to 
BABA-IR, it seems that that RBH-IR acts through mechanisms that are pathosystem- dependent. 
RBH-IR in Arabidopsis against the necrotrophic fungus Plectosphaerella cucumerina has been 
reported to act through priming of JA- and ET-dependent defences (Buswell et al. 2018). In 
contrast, against the biotrophic downy mildew pathogen Hyalopersonospora arabidopsidis, RBH-
IR in Arabidopsis was partially dependent on camalexin production and associated with increased 
defence efficacy of callose depositions, as well as the priming of camalexin induction (Buswell 
et al., 2018). In contrast to the two β-amino acids, ChP has been reported to display direct 
antimicrobial activity (Pospieszny, Chirkov and Atabekov, 1991; Rabea et al., 2003), in addition 
to mediating an IR response in the plant. Nevertheless, ChP only elicits plant defences at lower 
concentrations (De Vega et al., 2021). In terms of this defence elicitation, the accumulation 
of PR proteins, phytoalexins and proteinase inhibitors have all been associated with ChP-IR 
(El Hadrami et al., 2010). Moreover, ChP has been reported to be effective against downy 
mildew disease in several plant species. For example in pearl millet, ChP yielded high protection 
against Sclerospora graminicola through a mechanism involving nitric oxide (NO) accumulation 
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(Sharathchandra et al., 2004; Manjunatha et al., 2009). ChP is also effective against Plasmopara 
viticola in grapevine (Romanazzi et al., 2016) and against B. lactucae in lettuce (Abdel-Maksoud 
Abada, 2017).

Since IR agents can protect against diseases whilst also causing phytotoxicity, their use needs 
careful consideration. All three IR agents tested in this study showed dose-dependent IR efficacy. 
While ChP did not show deleterious effects in either tomato or lettuce, treatment with BABA 
and, to a lesser extent, RBH resulted in dose-dependent phytotoxicity in both plant species 
(Chapter 3). This phytotoxicity can have different causes. For instance, direct up-regulation 
of plant defences can be metabolically costly and reduce growth and yield (Heil et al., 2000; 
Martinez-Medina et al., 2016). In addition, some IR agents can have more specific non-target 
effects on important cellular mechanisms. For instance, BABA has a direct inhibitory effect on 
aspartyl-tRNA synthetase activity, triggering GCN2-dependent inhibition of gene translation 
(Luna et al., 2014). 

In summary, the work presented in this chapter demonstrates varying dose-dependent efficacies 
of the IR agents BABA, RBH and ChP in tomato against B. cinerea and in lettuce against B. 
lactucae. The traditional disease scoring methods of measuring lesion area and trypan blue 
staining were compared against HSI methods. Subsequent selection of suitable SVIs from the 
hyperspectral data proofed equally suitable to distinguish between different levels of disease. As 
such, the selected SVIs allowed for quantification of the relative efficacies of the IR agents in both 
pathosystems. This ability was especially useful in the detection of the more subtle symptoms 
by the biotroph B. lactucae. In this case, the use of multivariate statistical and machine learning 
methods enabled the identification of SIPI as an SVI that is responsive to disease stress by downy 
mildew, while relatively non-responsive to chemical stress (phytotoxicity) by IR agents. In this 
endeavour, the importance of tailoring IR agent treatments to the pathosystem became apparent. 
For instance, the lack of IR by BABA and RBH in tomato against B. cinerea is not supported by 
previous reports in the literature. This discrepancy might be due to differences in tomato cultivar 
and age of the tested plants. In lettuce, the young age (two-week-old) of seedlings was not an issue 
and both β-amino acids were highly effective, whereas ChP was less effective. Interestingly, the 
efficacies in tomato and lettuce also correlates with the observed residue levels (see section 3.3.5 
and Fig 3.7) of the agents, which are likely caused by difference in the uptake capacity of the 
β-amino acids. ChP was effective in both pathosystems but considerably more effective against 
B. cinerea in tomato. Furthermore, the phytotoxic tendency of BABA and RBH necessitates 
carefully considered treatment strategies that minimise their deleterious side effects whilst still 
ensuring disease protection. One such strategy is presented in the next Chapter of this thesis.  
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Chapter 5 
Using hyperspectral imaging to quantify the 

effects of combining chemical IR agents on 

plant growth and disease protection in the 

lettuce-Bremia lactucae pathosystem.

Abstract

The efficacy to protect against plant disease by single IR agents generally increases with dose, but 
often also reduces plant growth. To optimise the balance between IR efficacy and phytotoxicity, 
it has been proposed to combine IR agents and so obtain additive and/or synergistic levels of IR, 
while minimising the associated costs on plant growth. However, this approach could equally lead 
to increased phytotoxicity and/or antagonistic effects on IR by negative signalling-cross between 
the underpinning defence pathways. With the aim of identifying treatments that suppress disease 
with no or minimal side effects on plant growth, combinations of relatively low doses of the IR 
agents BABA, RBH and ChP were characterised by hyperspectral imaging for IR efficacy and 
growth repression in the lettuce-B. lactucae pathosystem.  None of the pairwise combinations 
of BABA, RBH and ChP showed synergistic repression of plant growth. By contrast, the 
combination of BABA-RBH provided synergistic levels of IR against B. lactucae. The latter 
analysis identified two dose combinations of BABA and RBH that are highly synergistic in terms 
of disease protection without any adverse effects on plant growth. 
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5.1 Introduction

Chemical IR agents have the potential to be safer alternatives to traditional chemical biocides. 
These agents can provide broad-spectrum protection through the augmentation of durable plant 
defences. Yet, IR agents are not widely used in crop protection. A major reason for this under-
utilisation is that they are often associated with detrimental side effects on plant growth and yield. 
Treatment with IR agents can be metabolically costly resulting in lower biomass and reduced 
seed production (Heil et al., 2000), or cause genuine phytotoxicity, such as the inhibitory effect 
of BABA on the aspartyl-tRNA synthetase enzyme (Luna et al., 2014). In chapter 3, it was 
demonstrated that both BABA and RBH exhibited dose-dependent phytotoxicity in lettuce, 
while ChP was generally nontoxic (Fig 3.3). Another major reason for the under-utilisation 
of IR agents is that disease protection can vary, depending on the plant species, the attacking 
pathogen, mode of application and general growth conditions (Sharma, Butz and Finckh, 2010) 
(Hijwegen and Verhaar, 1995; Dann et al., 1998). In chapter 4, it was shown that the agents 
BABA, RBH and ChP all provided varying, but dose dependent, protection against the downy 
mildew pathogen B. lactucae in lettuce (Fig 4.10). Although high doses of the IR agents could 
be utilised to maximise their efficacy, this strategy can only be beneficial in cases of high disease 
pressure, where the phytotoxicity costs are outweighed by the provided protection (Heil et al., 
2000; Heil and Baldwin, 2002; Walters and Heil, 2007; Walters and Fountaine, 2009). 

To optimise the balance between phytotoxicity and efficacy, a variety of approaches have been 
explored. Several of these approaches used mixed crop protection agent treatment strategies. The 
combination of the biological control agent Trichoderma harzianum and the IR agent Methyl 
jasmonate (MeJA) provided protection against Bipolaris sorokiniana that was superior to either 
treatment alone (Singh et al., 2019). Another strategy has been the combination IR agents and 
fungicides. The addition of BABA to the fungicide mancozeb resulted in synergistically increased 
efficacy and reduced fungicide concentrations were required to achieve the desired protection 
level (Baider and Cohen, 2003). Also, the strategy of combining different IR agents has been 
demonstrated to improve efficacy. The mixing of BABA and acibenzolar-S-methyl (ASM) was 
effective against Plasmopara viticola in grapevines at half the recommended doses (Reuveni, 
Zahavi and Cohen, 2001). Similarly the combination of ASM, BABA and JA enhanced efficacy 
against powdery mildew in barley and reduced phytotoxicity (Walters et al., 2011). 

The strategy of combining IR agents has potential due to the possibility of synergistic interactions 
on the level of disease protection. A synergistic interaction occurs when the combined effect of two 
chemicals is greater than the sum of each chemical’s individual effect (Roell, Reif and Motsinger-
Reif, 2017). BABA-IR involves augmented callose accumulation, which acts independently of 
SA signalling, but acts via regulation by ABA (Ton and Mauch-Mani, 2004; Ton et al., 2005; 
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Flors et al., 2008; Schwarzenbacher et al., 2020). RBH-IR is thought to involve the priming of 
JA- and ET-dependent defences and camalexin production (Buswell et al., 2018). ChP-IR has 
been shown to lead to the accumulation of proteinase inhibitors, phytoalexins and PR proteins 
(El Hadrami et al., 2010). According, there is the possibility that combinations of IR agents 
may simultaneously induce resistance through different pathways and thus act synergistically, 
although there is the possibility that there might be antagonistic effects by negative signalling-
cross talk between the pathways controlling these IR responses (Koornneef and Pieterse, 2008; 
Vos et al., 2015; Zhou et al., 2016; Proietti et al., 2018). It should be mentioned, however, 
that these antagonistic effects typically occur at higher concentrations, and additive effects by 
natural priming responses to rhizobacteria (ISR) and localised pathogen attack (SAR) have 
been reported as well (van Wees et al., 2000). Despite the promise of combining chemical IR 
agents, a systematic investigation of their effects is lacking. Consequently, this chapter describes 
a systematic investigation of the effects of pairwise combinations of the IR agents BABA, RBH 
and ChP at sub-phytotoxic dose ranges. 
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5.2 Methods

5.2.1 Plant growth, combined chemical treatments and inoculations

Lettuce plants were grown as described in section 2.2. To assess potential interactions of BABA, 
RBH and ChP in the lettuce-B. lactucae pathosystem, three separate experiments were conducted. 
Four dose levels each for BABA (0, 0.004, 0.008 and 0.016 mM), RBH (0, 0.063, 0.125 and 
0.25 mM) and ChP (0, 0.125, 0.25 and 0.5 % w/v) were selected on the basis of reduced 
phytotoxicity and IR efficacy. The selected doses of each IR agent pair (BABA:ChP, RBH:ChP 
and BABA:RBH ) were combined in a factorial design, resulting in a 4 x 4 treatment matrix 
(Fig 5.1) for each pair. Lettuce seedlings (five-days-old) were treated with the combined dose 
formulations, as described in section 2.3. Two days after chemical applications, the seedlings were 
inoculated with B. lactucae as described in section 2.4.
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Fig 5.1 | Combined treatment matrices. Shown are the factorial 4 x 4 combination matrices for each 
IR agent pair (BABA:ChP, RBH:ChP and BABA:RBH). 

5.2.2 Hyperspectral data acquisition and analysis

Lettuce seedlings subjected to the various combination treatments were imaged non-destructively 
on a daily basis up to 10 days with a HSI camera. At the final time point (day 10), leaves were 
detached and imaged again. Hyperspectral reflectance data were extracted and processed, as 
described in section 2.5. To investigate the impacts of the combined IR agent treatments, RGR 
and TGI were selected to assess phytotoxicity by growth impairment effects. SIPI data from 
detached cotyledons – which tended to show higher infection severity – were selected to evaluate 
IR efficacies against B. lactucae. All data analysis and statistical tests were performed with R 
version 4.0.5 (R Core Team, 2021). For the single chemical treatments, the effects of dose and 
inoculation on growth (RGR and TGI) and disease symptoms (SIPI) were tested for statistical 
significance using two-way ANOVA tests. 



83

To visualise the effects of combining IR agents on RGR and disease symptoms, two separate 
linear models were fitted in which the two dose covariates behaved either independently or 
interactively. The Akaike information criterion (AIC), a statistical method for estimating model 
prediction error (Portet, 2020), was used as a means to select the simplest linear model that fitted 
the data best. ANOVA was carried out to ascertain whether the two models were significantly 
different from each other; in each case, the simpler model (i.e. with the lowest AIC value) was 
selected for subsequent analysis. Model predicted values were extracted and the 95% confidence 
interval around the predicted data was calculated and plotted to visualise the effects of combined 
dose treatments. 

To determine whether the combined application of IR agents results in interactions that alter 
phytotoxicity and IR efficacy, two-way ANCOVA tests were conducted for each IR agent pair, 
allowing the identification of statistically-significant effects and interactions for both RGR and 
SIPI. A statistically significant result (p ≤ 0.05) in the interaction term of the ANCOVA test was 
deemed to indicate synergism. Where a combined chemical pair showed a significant interaction, 
data from that pair were split in to nine sets.  Each data set consisted of the four groups: DA, 
DB, C and DA:DB, where DA and DB represented the single doses of each IR agent, C was the 
control (DA = 0 and DB = 0), and DA:DB was the mixed treatment. On each data set, a one-way 
ANOVA test followed by Tukey’s test was conducted to establish significant differences between 
the control, the single treatments and the combined treatment. A synergistic interaction between 
DA and DB was defined as the condition in which effect DA + effect DB was significantly less than 
effect DA:DB.
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5.3 Results

5.3.1 Treatment effects on lettuce growth

To assess the impacts of the chemical IR agents and inoculation with B. lactucae treatments 
on lettuce growth, RGR and TGI data were used. The data sets were compiled from samples 
receiving control treatment and low doses of single IR agents, which were predicted to have 
no or minimal effects on plant growth. In agreement with the results described in Chapter 3, 
application of low doses of BABA (0.004, 0.008 and 0.016 mM), RBH (0.063, 0.125 and 
0.25 mM) and ChP (0.125, 0.25 and 0.5 % w/v) did not have significant growth effects, while 
B. lactucae inoculation resulted in a substantial growth reduction (Fig 5.2). Two-way ANOVA 
was performed to test the effects of chemical dose and inoculation on RGR, confirming that 
none of the IR agents had a statistically significant effect on RGR, while the effect of B. lactucae 
inoculation was highly significant (Fig 5.2A). Growth impact as measured by TGI paralleled 
RGR. There were no significant interactions between the IR agents and inoculation. None of 
the agents significantly changed TGI values, while inoculation with B. lactucae caused significant 
decreases (Fig 5.2B). Thus, in lettuce seedlings, B. lactucae infection lead to a substantial growth 
reduction, while at the selected low doses, BABA, RBH and ChP did not majorly affect plant 
growth nor alleviate B. lactucae-caused growth impairment. 

Table 5.1 | Model selection for the impact of IR agent interactions on RGR 

Chem Mix Model

Inoculation

Mock B. lactucae

AIC p.val AIC p.val

ChP :: BABA
Independent -418.9

0.545
-400.8

0.845
Interactive -410.1 -388.5

ChP :: RBH
Independent -422.3

0.347
-376.6

0.273
Interactive -416.0 -371.4

BABA :: RBH
Independent -439.1

0.489
-427.3

0.844
Interactive -430.9 -414.9

5.3.2 The effects of combining IR agents on lettuce growth 

To visualise the effects of combined IR agent treatments on lettuce RGR in the presence and 
absence of B. lactucae, two different linear models were fitted. In one model, the dose covariates 
of each IR agent pair were set to act independently and in the second, they were set to act 



85

interactively. To ascertain which model fitted the RGR data best, AIC tests were carried out 
and ANOVA was used to calculate significant differences between models (Table 5.1). For both 
mock- and B. lactucae-inoculated groups the effect of the different IR agent mixes on growth was 
best described by independent models.    
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Fig 5.2 | The effects of B. lactucae and low doses of IR agents on lettuce growth (RGR and TGI). 
The presented curves (blue = mock, red = B. lactucae inoculation) are mean values ± SE. (A) The effect 
of IR agent dose on RGR. (B) The effect of IR agent dose on TGI values in whole plants at 7dpi. 
The effect of chemical dose and inoculation on group mean RGR and TGI were tested for statistical 
significance by two-way ANOVA (inserted tables). 

Predicted RGR data from the model, along with the original data for each pair of IR agents, are 
presented in Fig 5.3. As is shown in Fig 5.3A, the very low dose range of BABA did not affect 
RGR, while ChP caused a slight, dose-dependent decrease in RGR. In the presence B. lactucae, 
the low doses of BABA did not alter RGR; however, the addition of ChP resulted in a small 
dose-dependent increase in RGR (Fig. 3.5A). In the combined RBH-ChP treatments (Fig 5.3B), 
both RBH and ChP alone slightly decreased RGR in the mock-inoculated seedlings. By contrast, 
in the B. lactucae inoculated seedlings, RBH caused a decrease in RGR, whereas the addition 
of increasing ChP doses caused an increase in RGR.  When BABA and RBH were combined 
for mock-inoculated seedlings (Fig 5.3C), RBH reduced RGR in a dose-dependent manner, 
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which remained similar in the presence with BABA. In B. lactuca-incoulated seedlings, RBH still 
reduced RGR in a dose-dependent manner; however, this trend was reverted in the presence of 
BABA. 
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Fig 5.3 | The effects of increasing doses of single and combined IR agents on RGR. Each row (A-C) 
shows the results of a single pair of IR agents; panels show data for one IR agent dose combined with 
the full range of doses from the second IR agent. Boxplots (blue = mock, red = B. lactucae inoculation) 
show the interquartile range (IQR; box) ± 1.5xIQR (whiskers), including median (horizontal line), 
of the original (raw) RGR data. Curves show linear model-predicted average RGR values with a 95% 

confidence interval. In all fitted models, the dose covariates behave independently. 

To test the statistical significance of the effects by single and combined doses of IR agents on 
RGR, two-way ANCOVA was conducted (Table 5.2). For the combined BABA-ChP treatments, 
the effect of ChP was borderline statistically significant in the presence and absence of B. lactucae 
(p=0.013 and 0.029, respectively), whereas the effect of BABA and the interaction of BABA:ChP 
were not statistically significant under both conditions. For the combined RBH-ChP treatments, 
only the effect of RBH was statistically significant in the absence of B. lactucae, whereas all other 
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factors and interactions for this combination did not have an effect. When BABA and RBH were 
combined, the only significant result came from RBH in the absence of B. lactucae. Thus, the 
results of the two-way ANCOVA indicate that the combined IR agents at the selected dose ranges 
did not statistically interact, which in turn suggests that there was not synergistic phytotoxicity as 
a consequence of combining IR agents at low doses.  

Table 5.2 | Two-way ANCOVA table showing the effects of combined IR agent treatments on RGR

Chem Mix Term

Inoculation

Mock B. lactucae

DF F p.value DF F p.value

ChP|BABA

BABA 3 0.518 0.671 3 0.904 0.443

ChP 1 4.957 0.029 1 6.515 0.013

BABA::ChP 3 1.152 0.333 3 0.151 0.929

ChP|RBH

RBH 3 3.693 0.015 3 2.259 0.088

ChP 1 2.296 0.134 1 2.140 0.147

RBH::ChP 3 0.963 0.414 3 0.352 0.788

BABA|RBH

RBH 3 9.387 < 0.001 3 1.884 0.139

BABA 1 0.373 0.543 1 0.705 0.403

RBH::BABA 3 0.373 0.327 3 0.615 0.607

5.3.3 The efficacy of low IR agent doses in lettuce against B. lactucae 

Low doses of BABA, RBH and ChP were selected to minimise the associated phytotoxicity 
effects. To evaluate the IR efficacies of these doses against B. lactucae, SIPI data from detached 
cotyledons were quantified at 7 dpi to estimate disease severity in three separate experiments. SIPI 
values from mock-inoculated samples were consistently lower compared to B. lactucae-inoculated 
groups, which was apparent at all doses and in all three experiments. Generally, SIPI values 
in the mock-inoculated samples did not show major dose-dependent changes, which supports 
the robustness of this SVI against chemical stress by IR agents (Chapter 4). In the B. lactucae-
inoculated samples, the single doses BABA did not alter SIPI values, indicating that these low 
doses of BABA failed to induce resistance. For RBH and ChP, however, SIPI value showed a small 
dose-dependent reduction, indicating relatively subtle IR effects.
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Two-way ANOVA revealed that B. lactucae inoculation had a statistically significant effect in 
all three experiments. Treatment with BABA did not significantly affect SIPI and there was 
no statistically significant interaction between BABA and inoculation either (Fig 5.4A), which 
confirms the lack of BABA-IR at these doses. RBH treatment, on the other hand, did have a 
statistically significant effect on SIPI and also showed a statistically significant interaction with 
inoculation (Fig 5.4B). Similarly, ChP treatment had a statistically significant effect on SIPI 
and showed a significant interaction with inoculation (Fig 5.4C). Together, the results of this 
ANOVA confirm that increasing doses of RBH and ChP resulted in statistically significant IR 
effects against B. lactucae.    
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Fig 5.4 | The effects of relatively low doses of single IR agents on SIPI as a marker for B. lactucae 
disease The presented curves (blue = mock, red = B. lactucae inoculation) are mean SIPI ± SE in 
detached cotyledons at 7 dpi. The effects of chemical dose and inoculation on group mean SIPI values 
was tested for statistical significance by two-way ANOVA (inserted tables). 

5.3.4 The efficacy of combined IR agents against B. lactucae in lettuce

SIPI is an SVI that is optimal for tracking B. lactucae symptoms in lettuce (Chapter 4). To 
visualise how the combination of IR agents affects SIPI in detached cotyledons, independent and 
interactive linear models were fitted. Model fit was assessed by AIC tests and significant differences 
were analysed by ANOVA (Table 5.3). In the BABA-ChP combination, the independent model 
was the better fit for both mock- and B. lactucae- inoculated groups, whereas an interactive model 
was a better fit for mock- and B. lactucae- inoculated groups in the RBH-ChP combination. 
For the BABA-RBH combination, the independent model was the optimal fit for the mock-
inoculated groups, while an interactive model was a better fit the B. lactucae inoculated groups.



89

Table 5.3 | Model selection for the impact of IR agent interactions on SIPI 

Chem Mix Model

Inoculation

Mock B. lactucae

AIC p.val AIC p.val

ChP :: BABA
Independent -1401.9

0.71142
-1063.7

0.639
Interactive -1390.7 -1053.3

ChP :: RBH
Independent -1365.5

<0.001
-1106.6

0.024
Interactive -1379.2 -1109.2

BABA :: RBH
Independent -1350.2

0.067
-1207.9

<0.001
Interactive -1349.4 -1244.8

Fig. 5 shows the effects of combining IR agents on SIPI values in mock- and B. lactucae-inoculated 
plants, using raw data (box plots) and predicted data from the linear model (lines). Generally, 
SIPI values in mock-inoculated samples stayed constant across increasing IR agent doses. In 
the B. lactucae-inoculated groups, there was a dose-dependent decrease in SIPI values across all 
three combinations, suggesting IR against B. lactucae by combinations of IR agents. For plants 
treated with the BABA-ChP combinations, this decrease in SIPI values were only caused by ChP 
dose, while BABA dose had no obvious additional effect. For plants treated with the RBH-ChP 
combinations, the IR agents appeared to have an additive effect on the reduction in SIPI values. 
Interestingly, despite the fact that low BABA doses alone did not have an effect, combining 
BABA with RBH resulted in a stronger reduction of SIPI values by RBH.

To ascertain whether any of the apparent interaction effects from mixed IR agents on SIPI were 
synergistic, two-way ANCOVA tests were performed (Table 5.4). In mock-inoculated samples, 
none of the combined IR agents showed a significant interaction and thus did not appear to 
have synergistic effects on disease suppression. However, in the B. lactucae inoculated samples, 
the combined BABA-RBH treatments showed a statistically significant interaction. This strongly 
suggests that low doses of BABA and RBH act synergistically to reduce B. lactucae infection.
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Fig 5.5 | The effects of increasing doses of single and combined IR agents on B. lactucae 
symptoms by HSI. Each row (A-C) shows the results of a single pair of IR agents; panels show data 
for one IR agent dose combined with the full range of doses from the second IR agent. Boxplots 
(blue = mock, red = B. lactucae inoculation) show the interquartile range (IQR; box) ± 1.5xIQR 
(whiskers), including median (horizontal line), of the original (raw) SIPI data. Curves show linear 
model predicted mean SIPI with a 95% confidence interval. BABA-ChP and RBH-ChP mixes were 
fitted with models in which the dose covariates behave independently. The BABA-RBH combination 
was fitted with an interactive model.  
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Table 5.4 | Two-way ANCOVA table showing the effects of combined IR agent treatments on SIPI

Chem Mix Term

Inoculation

Mock B. lactucae

DF F p.value DF F p.value

ChP|BABA

BABA 3 5.057 0.002 3 2.787 0.042

ChP 1 0.038 0.845 1 45.359 <0.001

BABA::ChP 3 0.857 0.465 3 0.376 0.771

ChP|RBH

RBH 3 8.031 <0.001 3 21.458	 <0.001

ChP 1 10.075 0.002 1 25.164 <0.001

RBH::ChP 3 0.814 0.488 3 2.576 0.056

BABA|RBH

RBH 3 1.859 0.138 3 28.758 <0.001

BABA 1 3.547 0.061 1 17.283 <0.001

RBH::BABA 3 1.233 0.299 3 12.826 <0.001

In order to compare the effects of BABA and RBH on growth and IR, RGR and SIPI data from 
the BABA-RBH combination experiment were split into 9 separate dose combination groups 
and compared to each other. Each group consisted of a control, single BABA dose, single RBH 
dose and the two doses mixed (Fig 5.6). The groups were analysed for significant differences 
by one-way ANOVA tests, followed by Tukey tests. As previously suggested by the two-way 
ANCOVA (Table 5.2), none of the dose pairs showed synergistic action resulting in RGR 
changes, including the BABA-RBH combination. This indicates that low, non-toxic doses of 
BABA did not aggravate phytotoxicity by RBH. However, with respect to IR efficacy against B. 
lactucae, two of the BABA-RBH dose combinations showed a strongly synergistic interaction. 
For plants treated with the combination of 0.008 mM BABA and 0.125 mM RBH, mean SIPI 
values of the single dose treatments were not significantly lower than the control, indicating 
that these single low doses did not induce resistance. Nevertheless, SIPI values from plants that 
had received the combination treatment of 0.008 mM and 0.125 mM RBH were significantly 
lower than those from plants treated with the single doses and the control solution. A similar 
pattern was apparent from the combination of 0.016 mM BABA and 0.063 mM RBH with 
mixed doses decreasing SIPI values significantly compared to the single dose treatments and the 
control.  Crucially, RGR values by these BABA-RBH combinations were statistically similar 
to the controls. Thus, combining low doses of BABA and RBH induce synergistic levels of IR 
against B. lactucae without compromising plant growth.
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Fig 5.6 | Synergy between low doses of BABA and RBH on IR against B. lactucae but not on 
RGR. (A) Heat map of SIPI values in detached cotyledons indicating disease levels (low = green 
and high = red) for different BABA-RBH mixes. The interquartile range (IQR; box) ± 1.5xIQR 
(whiskers), including median (horizontal line), of the RGR and SIPI values from control, single and 
mixed BABA-RBH treatments RGR (B) and SIPI (C) SIPI. The effects of treatment on group means 
for RGR and SIPI values were tested for statistical significance by one-way ANOVA followed by 
Tukey posthoc tests. In each panel, different letters show significant differences among the groups (p 
< 0.05); no letters indicate lack of statistical differences between groups. 



93

5.5 Discussion

Commercial exploitation of chemical IR agents has been hampered by undesirable side-effects 
on plant performance (Heil et al., 2000) and sometimes variable levels of protection (Yassin et 
al., 2021). Although the protective efficacy can be increased with dose, this often also leads to 
more pronounced side-effects on growth and yield (Heil and Baldwin, 2002; Walters and Heil, 
2007). Combining different IR treatments are amongst the strategies that have been proposed 
to optimise the cost-benefit balance by IR agents. Combining IR agents with biocontrol agents 
(Singh et al., 2019), fungicides (Baider and Cohen, 2003) and other IR agents (Walters et al., 
2011) have been reported to lead to improvements in the level of disease protection. Of these, 
the combination of different IR agents offered the benefit of reducing biocidal activity, while 
avoiding the challenges of implementing biocontrol procedures. To date, this approach has 
received limited follow-up investigation. 

In this study, the effects of combining chemical IR agents was investigated with the aim to 
identify combinations that suppress downy mildew disease in lettuce with minimal side-effects 
on plant growth. Based on the toxicity profiles of BABA, RBH and ChP (section 3.3.2), and 
relative IR efficacies in lettuce against B. lactucae (section 4.3.4), a range of doses with minimal 
phytotoxicities had been selected. For BABA, the selected doses were 0.004, 0.008 and 0.016 
mM. Although the two upper doses slightly reduced SIPI values in B. lactucae-inoculated plants 
in previous experiments (Fig 4.11), none of these doses reduced SIPI in the experiments described 
in this chapter and thus lacked IR efficacy (Fig 5.4). This variation between experiments further 
illustrates the variable performance by single IR agents, particularly when applied at lower (non-
phytotoxic) doses. On the other hand, the selected doses for RBH (0.063, 0.125, and 0.25 
mM) and ChP (0.125, 0.25 and 0.5 % w/v) resulted in relatively low but statistically significant 
dose-dependent reductions in B. lactucae disease (Fig 5.4). At these concentration ranges, RBH 
and ChP had no statistically significant impacts on growth as measured by RGR and TGI (Fig 
5.2). By contrast, B. lactucae infection resulted in a dramatic reduction of growth, which was 
particularly pronounced in the absence of IR agents (Fig 5.2).

 To investigate the effects of combing IR agents on growth and IR efficacy, a full-factorial design 
was used, in which the chemicals were combined in pairs. This design amounted to a total of 48 
combinational treatments (Fig 5.1). The use of a HSI sensor enabled efficient profiling of this 
these treatments for growth (RGR and TGI) and disease by B. lactucae (SIPI). From the sensor-
captured data, RGR was used as a proxy for phytotoxicity, while SIPI was used to quantify IR 
efficacy against B. lactucae. Of the three agents, ChP was the least effective against B. lactucae and 
BABA was the most effective (Chapter 4; Fig 4.10). However, the combination of the low doses of 
BABA-ChP did not show in any significant interaction effects. Within these combined treatments, 
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two-way ANCOVA revealed that ChP alleviated both growth reduction and symptoms by B. 
lactucae, whereas BABA only had a statistically significant effect on symptoms (Table 5.4 and Fig 
5.5). Compared to BABA, a relatively higher RBH dose range was used, since this IR agent had 
lower IR efficacy against B. lactucae (Chapter 4; Fig 4.10). The combination of RBH-ChP did 
not lead to a statistically significant interaction on IR efficacy (Table 5.4), indicating that both 
agents acted additively on the level of IR against B. lactucae. By comparison, the mix of the two 
β-amino acids BABA and RBH was the most promising. In the absence of infection, there was 
no statistically significant interaction on plant growth, while in the presence of infection; both 
agents interacted significantly to mediate synergistic levels of disease suppression.  

Further investigation of the BABA-RBH combination confirmed that the treatments of 0.008 
mM BABA + 0.125 mM RBH, as well as 0.016 mM BABA + 0.063 mM  RBH, resulted in high 
levels of disease suppression (Fig. 5.6B), even though the single treatments at these concentrations 
failed to induced resistance. By contrast, the same BABA-RBH dose combinations did not result 
in growth repression compared to un-treated control plants and the plants treated with the single 
doses. These results unequivocally demonstrate that the combination of low doses of BABA and 
RBH has a synergistic effect on IR efficacy even though it does not repress growth. Reuveni et 
al. (2001) showed that the combination of BABA and ASM had an additive level of IR efficacy 
against the downy mildew pathogen Plasmopara viticola in grapevines. Similarly, Walters et al. 
(2011) reported that BABA in combination with ASM and cis-JA improved efficacy against 
powdery mildew in barley compared to the agents’ individual effects. The efficacy of BABA-IR 
depends on the stress type applied (Cohen, Vaknin and Mauch-Mani, 2016). Against B. lactucae, 
BABA-IR likely acts through a combination of callose-related cell wall defences and SA-dependent 
defences, as has been reported previously for the interaction between Arabidopsis and the downy 
mildew pathogen H. arabidopsidis (Ton et al., 2005; Schwarzenbacher et al., 2020). Compared to 
BABA, the IR effects of RBH have been less well characterised, but previous evidence has shown 
that RBH-IR against Hpa induces camalexin and is SA-independent (Buswell et al., 2018). How, 
and if, low doses of BABA and RBH prime these same defence pathways in lettuce against downy 
mildew merits further investigation. Three way combinations using the most promosing BABA-
RBH combinations with ChP doses, to investigate whether efficacy can be improved further, 
is worthy of investiagation as well. In the experiments described in this Chapter, the treatment 
efficacies were measured over relatively short time scales (ten days after application). Hence, 
ascertaining the durabiltiy of the synergistic IR effects is an important avenue of future research. 

Although the results described in this Chapter are extremely encouraging for further development 
towards application in commercial lettuce protection against downy mildew, it should be noted 
that the choice of IR agents in the combined treatments requires careful consideration and, 
arguably, further investigation into the potential costs arising from increased susceptibility to 



95

other stresses. In barley, the combined treatment of BABA, ASM and cis-JA resulted in a strong 
up-regulation of SA-dependent defences, which was associated with a down-regulation of JA-
dependent defences (Walters et al., 2011).This mix, while protecting the barley against powdery 
mildew, aggravated disease by against the necrotrophic fungus Ramularia collo-cygni infection. 
Although RBH has been reported to prime ET/JA-dependent defences against necrotrophic 
fungi in Arabidopsis, testing the combined BABA-RBH treatments against other pathogens, 
herbivores and abiotic stresses is an important future goal before proceeding with application. 
While the idea of combining IR agents has been around for a while, and the effects of a large 
number of IR agents have been profiled, there have been a limited number of studies. One reason 
for this could be that traditional profiling methods for IR agent efficacies are not suited to high 
throughput screening and testing. However, as demonstrated here, imaging sensor phenotyping 
has the potential to increase the profiling efficiency of IR agent treatments. 
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Chapter 6 
General discussion 

6.1 Optimising IR efficacy through chemical combinations

The overall aim of this research was to explore the possibility of optimising the balance between 
disease protection and phytotoxicity in chemical IR through a strategy of combining different IR 
agents. Chemical IR agents could be environmentally safe and durable addition to the available 
protection strategies against economically damaging crop diseases. Generally, these agents show 
dose dependent efficacies against a wide range of plant pathogens. However, at the higher doses 
that provide adequate protection, some also tend to be phytotoxic and this has hampered their 
full adoption. Thus, identifying IR treatments with a favourable balance between protection and 
toxicity could facilitate the use of IR agents as mainstream crop protection products. 

Such an endeavour would involve phenotyping large number of samples. Fortunately, in recent 
years, the use of hyperspectral sensors has made large-scale plant phenotyping more efficient 
(Mahlein et al., 2018). HSI is based on the principle; materials reflect electromagnetic radiation in 
unique patterns based on their chemical and physical properties. Accordingly, HSI is increasingly 
used to non-invasively phenotype plants. The use of hyperspectral phenotyping for plants has 
focused on three main areas. The first is phytopathology, which has benefited the most from 
HSI, and methods for detecting many plant diseases have been published (Mahlein et al., 2018; 
Sarić et al., 2022). A second application has been the detection and quantification of abiotic 
stresses such as chemical contamination (Lassalle et al., 2021). A third application has focussed 
on measuring physiochemical parameters of plant health such as water and pigment content 
(Pandey et al., 2017; Terentev et al., 2022). In the hyperspectral phenotyping process, spatial, 
spectral and temporal details are captured and this usually results in large volumes of data. In 
such high dimensional data, in which the number of spectral features is larger than the number 
of observations, various approaches have been utilised to make analysis tractable. A common first 
step has been reducing the number of spectral bands with the derivation of SVIs, which are ratios 
of – usually two to four – wave bands that measure one vegetation property while reducing the 
impact of others  (Xue and Su, 2017). SVIs are widely used in phytopathology as they allow the 
quantitative tracking of disease symptoms (Mahlein et al., 2018). The majority of SVIs have been 
developed for remote sensing, occasionally new disease-specific SVIs are developed (Mahlein et 
al., 2013). However, most of the important physiochemical characteristics of vegetation that can 
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be defined with SVIs have been, and new indices tend to not greatly exceed the performance 
of existing indices. Machine learning algorithms such as decision tree analysis, support vector 
machine and random forest have all been used to on both spectral band and SVIs data to detect 
and quantify plant diseases (Paulus and Mahlein, 2020; Sarić et al., 2022) . Similarly, multivariate 
statistical models such as principle component analysis and the partial least squares family of 
models have also been useful in the analysis of highly dimensional HSI (Xie, Yang and He, 2017; 
Paulus and Mahlein, 2020) . In this work the use of orthogonal partial least squares discriminant 
analysis and decision tree analysis on SVIs data identified the index SIPI as means of tracking 
downy mildew stress separately from chemical stress.

With HSI as phenotyping tool, the possibility of optimising chemical IR treatments was explored 
using the two pathosystems: tomato- B. cinerea and lettuce-B. lactucae, and the IR agents BABA, 
RBH and ChP. The problem of optimising chemical IR was approached in three stages. In stage 
one, the dose dependent phytotoxicity of the three agents was quantified. The use of image 
derived growth data facilitated the measurement of relatively accurate growth rates, without 
the need for destructive sampling. Analysis of tomato and lettuce growth data showed that 
the β-amino acids BABA and RBH had-dose dependent repressive effects on RGR, while the 
chitin derivative ChP, had no statistically significant repressive effect (Fig 3.3). BABA was more 
phytotoxic than RBH (Fig 3.4), and its phytotoxicity was higher in tomato than lettuce. From 
previous studies, we also have a contrast of effects. BABA has been reported to be phytotoxic in 
Arabidopsis (Wu et al., 2010), tomato (Buswell et al., 2018) and lettuce  (Cohen, Vaknin and 
Mauch-Mani, 2016), while in sunflower (Amzalek and Cohen, 2007), soybean (Zhong et al., 
2014) and grapevines (Reuveni, Zahavi and Cohen, 2001) it was found to lack phytotoxicity. As 
for RBH, while in these experiments it was phytotoxic in tomato cv. Moneymaker, but previously 
it was found to lack this effect in tomato cv. Micro-Tom (Buswell et al., 2018). From this variation 
in phytotoxicity between plant species and cultivars, it can be concluded that tailored application 
protocols are necessary.

Following the profiling of the relative phytotoxicity of the IR agents, in Chapter 4, their relative 
protective activities were assessed. In tomato cv. Moneymaker, the β-amino acids BABA and 
RBH failed to provide protection against the necrotrophic fungus B. cinerea (Fig 4.1). This was 
unexpected as in previous studies BABA has been found to be effective in this cultivar against this 
pathogen (Luna et al., 2016). The plants used in this study were younger than those in the Luna 
et al study. As for RBH, efficacy was reported in the Micro-Tom cultivar (Buswell et al., 2018). 
These results suggested, in addition to species and cultivar variations in IR agent effects, there 
may also be plant age related variations. In contrast to the two β-amino acids, ChP was a potent 
inhibitor of grey mould infection in tomato and provided dose dependent protection. In lettuce, 
all three agents gave some level of protection against downy mildew infection (Figs 4.4 & 4.10). 
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However, BABA was far more potent than RBH and ChP, which had similar levels of efficacy. 

Since only ChP was effective in tomato against B. cinerea, while all three agents showed efficacy 
in the lettuce against B. lactucae, the later was selected for stage three. Smaller doses of BABA, 
RBH and ChP were combined pairwise in a full factorial design to explore interactions resulting 
in efficacy and toxicity (Fig 5.1). This evaluation revealed, at the selected dose ranges the agents 
lacked toxicity (Fig 5.2). Furthermore, when combined none of the mixed pair agents interacted 
for increased toxicity (Table 5.1). In terms of efficacy, single doses of BABA lacked efficacy 
against downy mildew, while RBH and ChP had limited efficacy. When used in combination, 
the mixture between BABA and RBH resulted in synergism (Table 5.4), thus demonstrating 
the possibility of reducing phytotoxicity while increasing disease efficacy through appropriately 
formulated IR agent combinations.  

6.2 Additional approaches that can improve chemical IR treatments 

In addition to combined chemical IR treatments, various other strategies that improve the 
efficacy of chemical IR agents have also been reported (Fig 6.1). Approaches which range from 
IR chemicals in combination with plant mutualists or other protection agents to new molecule 
design or discovery all have individual potential and arguably can best be utilised as components 
of integrated pest management (IPM). In the IPM strategy, plant pests and diseases are controlled, 
using all available environmentally benign methods whilst minimising the applications of 
chemical biocides, to keep them below the economic injury level (EIL) threshold.   

6.2.1 Combining biocontrol with chemical IR agents

One promising approach has been the co-treatment of IR agents with biological control agent 
(BCAs). The use of various Trichoderma spp alongside IR agents has resulted in improved disease 
control. The combination of Trichoderma harzianum UBSTH-501 and MeJA gave protection 
against spot blotch in wheat plants exceeding that provided by each treatment alone (Singh 
et al., 2019). Similarly, the combination MeJA, SA and T. harzianum was shown to give 
synergistic protection in tomato against Fusarium oxysporum (Zehra et al., 2017). In addition to 
improving the efficacy of IR agents, certain biocontrol organisms have the potential to mitigate 
the phytotoxicity often associated with the IR agents. For example MeJA which can have high 
phytotoxicity, when used alongside T. harzianum in wheat plants biomass was higher compared 
to untreated plants, both in the presence and absence of Bipolaris sorokiniana infection (Singh et 
al., 2019).
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Fig 6.1 | Chemical IR as component of IPM. Existing agents or new agents developed in rational 
design (Chem-IR) are tested in target pathosystems until effective agent(s) are found. The efficacy 
can be further improved in combination with other treatments and effective strategies can be further 
combined. Efficacious treatments can be tested in trans-generationally-primed plants and the cycle 
repeated until an optimal treatment that can be integrated into an effective IPM strategy is formulated.

Although with good potential, the combining of chemical agents with BCAs must be used with 
caution. Given the broad-spectrum effectiveness of non-host immunity, chemical treatments 
intended to trigger IR responses against plant antagonists could also have deleterious effects 
on plant mutualists. As an example, ASM while having no direct effects on the growth of the 
rhizobia Bradyrhizobium japonicum, did trigger IR against B. japonicum in soybean and reduced 
symbiosis (Faessel et al., 2010).  Similarly foliar treatment of soybean with ASM led to a defence 
response in the plant roots which transiently decreased AMF colonisation (de Román et al., 
2011). Nevertheless, chemical IR treatments do not always impact plant mutualists negatively, 
and it seems that with some chemicals, certain doses and appropriate application methods, they 
can be used together without disadvantage to plant mutualists. For example, in sunflower, the 
effects of ASM and BABA on the downy mildew Plasmopara helianthi and the AMF Glomus 
mosseae differed by application method. When applied as a soil drench, the chemicals gave a 
50-55% protection against the downy mildew - while ASM application decreased G. mosseae 
colonisation, BABA application did not. When applied as a foliar spray, protection increased to 
80% and neither chemical impacted G. mosseae colonisation. In vitro, ASM had an inhibitory 
effect on G. mosseae germination, however BABA promoted germination (Tosi and Zazzerini, 
2000). Dose has also been shown to determine toxicity toward mutualists. MeJA root application 
to cucumber could negatively or positively effect mycorrhizal colonisation, with higher doses 
reducing growth and lower doses promoting it (Toby Kiers et al., 2010).
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6.2.2 Combining chemical IR agents with fungicides

In addition to combing IR agents or IR agents and biocontrol, IR agent-fungicide combinations 
have shown a complementary potential in which the deleterious effects of both protection 
products can be reduced. An application of a mixture of BABA and the fungicide mancozeb was 
significantly more effective at controlling Phytophthora infestans in potato and Pseudoperonospora 
cubensis in tomato and cucumber than either BABA or mancozeb alone. The inclusion of BABA 
in the mancozeb fungicide synergistically increased its efficacy in plants. Application of the BABA 
and mancozeb mixture did not have a synergistic interaction in controlling the pathogens in vitro, 
thus demonstrating BABA-induced resistance enhanced mancozeb fungicide efficacy with lower 
doses required to control disease (Baider and Cohen, 2003). In potato, a combination of BABA 
and the fungicide Fluazinam resulted in a synergistic action against P. infestans and full Fluazinam 
activity was achieved with a 20–25% lower dose under field conditions (Liljeroth et al., 2010). 
Likewise, ASM efficacy improved in combination with mancozeb. In chickpea plants, repeated 
ASM application protected against Didymella rabiei but also resulted in yield penalties. Instead, 
using a ASM-mancozeb mix, with reduced application frequency, grain yields were better than 
those achieved with ASM or mancozeb applications alone (Sharma et al., 2011).   

6.2.3 The development of improved IR molecules

Besides the use of combination strategies, other strategies to improve chemical IR have involved 
the identification and development or of new molecules with enhanced performance. One 
approach has been the identification of compounds combining biocidal and IR activity. One 
group of chemicals with such dual modes of action are the strobilurins. These broad-spectrum 
fungicides were found to also prime plant defences in the presence of disease, while improving 
yield in the absence of disease. In NahG transgenic tobacco deficient in SAR, the strobilurin 
Pyraclostrobin enhanced resistance to Pseudomonas syringae and tobacco mosaic virus (TMV) by 
priming PR-1 gene activation (Beck, Oerke and Dehne, 2002; Herms et al., 2002). In an effort to 
find other dual action compounds the agent 1-isothiocyanato-4-methylsulfinylbutane (SFN) was 
identified in high-throughput assaying as having dual action. SFN primed Arabidopsis defences 
against Hyaloperonospora arabidopsidis and also showed antimicrobial action, directly inhibiting 
the growth of H. arabidopsidis (Schillheim et al., 2018).

Rational molecule design has also resulted in IR agents with improved performance. The combining 
various IR agents with the cholinium cation to form ionic liquids (ILs) resulted in increased 
efficacy and reduced phytotoxicity. BABA, ASM and INA ionically bonded to cholinium were 
tested on the tobacco-TMV pathosystem. ASM and INA, paired with cholinium, had improved 
disease resistance efficacy. BABA disease efficacy decreased slightly; however, its phytotoxicity, 
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along with that of ASM, drastically reduced (Schillheim et al., 2018). The screening compound 
data bases to identify potential new IR agents has also been successful. Chang et al., (2017) 
virtually screened the Maybridge database, a collection of over 53,000 organic compounds, using 
the chemical structures of ASM, MeSA and SA to identify three benzotriazole lead compounds. 
From one of these (L1), which had a 3D structure similar to ASM, two derivatives (3a and 4a) 
were potent SAR activators. Both L1-3a and 4a gave high protection in a several pathosystems 
including cucumber- B. cinerea and tomato- P. infestans.

In addition to screening for structural analogues of known IR molecules, using knowledge of 
IR receptor structure has been another approach taken to find novel IR ligands. RBH one of 
the agents used in this research came through such an approach. Buswell et al., (2018), in an 
attempt to find BABA analogues that induce resistance without stunting plant growth, started 
with the structure of the BABA receptor IBI1 and through site-directed mutagenesis, found that 
an (l)-aspartic acid-binding domain was critical for BABA perception. Using ligand‐interaction 
modelling of the binding domain they screened a library of β‐amino acids and identified seven 
resistance‐inducing compounds, of which (R)‐β‐homoserine (RBH) had the strongest activity. 
RBH, like BABA conferred resistance to both biotrophic and necrotrophic pathogens in 
taxonomically unrelated plant species but without the growth retardation associated with BABA. 

6.2.4 Transgenerational IR 

Besides, improvements through combination treatments and the development of more efficacious 
IR molecules. Long lasting transgenerational IR offers another avenue of developing improved 
treatments. Recently the long-lasting nature of IR has gained renewed attention in the context 
of epigenetic regulation. For some time it has been known that the seeds or seedlings treated 
with chemical IR agents develop a long-lasting priming that can be maintained for several weeks 
(Worrall et al., 2012; Luna et al., 2014). Now there is solid evidence from independent studies 
that priming can be transmitted epigenetically to following generations. It was reported that 
the progeny of BABA treated Arabidopsis displayed enhanced resistance to H. arabidopsidis and 
Pseudomonas syringae, which was associated with increased responsiveness to priming treatment 
by BABA (‘primed to be primed’) (Slaughter et al., 2012). Barley from ASM and saccharin-treated 
parents exhibited enhanced resistance to infection by R. commune (Walters and Paterson, 2012). 
Also several Arabidopsis-based studies have shown that transgenerational IR relies on a complex 
interplay of DNA (de)methylation pathways in the plant (Luna and Ton, 2012; López Sánchez et 
al., 2016; Stassen et al., 2018; Furci et al., 2019; Wilkinson et al., 2019). Despite these promising 
new insights, the potential of IR agents to exploit transgenerational IR in the field has received 
limited attention. The main obstacles come from the relative weakness of transgenerational IR, as 
well as costs arising from increased susceptibly to other (a)biotic stresses that can occur sometimes 
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(Luna and Ton, 2012; López Sánchez et al., 2020). A potentially more promising strategy for the 
exploitation of transgenerational IR comes from direct manipulation of the epigenetic makeup 
of the plant. Furci et al. (2019) identified selected hypo-methylated regions of DNA in the 
Arabidopsis genome, which provided near complete levels of primed resistance against downy 
mildew and that remained stable over at least eight generations of inbreeding. 

6.3 The practicalities of using IR agents in agriculture 

IR agents are not the same as conventional biocides where one product can be utilised against 
a range of pathogens in multiple crops. The selection of optimal IR agents in a given crop must 
be determined by several interconnected factors. A thorough understanding of species, cultivar 
and pathogen-dependent responses to chemical IR treatments is crucial to selecting pathosystem-
appropriate treatments. Chemical IR agent efficacy in some instances is known to be cultivar 
dependent. In this research it was found RBH lacked efficacy against B. cinerea in tomato cv. 
Moneymaker, while Buswell et al (2018) reported good protection against the same pathogen 
in tomato cv. Micro Tom. Many similar reports exist in the literature. In several cultivars of 
spring barley induced resistance to Rhynchosporium commune by combined BABA, ASM and 
MeJA treatment resulted in infection levels that ranged from high to non-existent (Walters et al., 
2011). In other studies, chemical IR treatment efficacy was shown to be influenced by cultivar 
resistance levels. In tobacco infected with Peronospora hyoscyami  f.sp. tabacina, ASM provided 
control in partially resistant cultivars, but not susceptible cultivars (Perez et al., 2003). The efficacy 
of chemical IR agents can also depend on the identity of the attacking pathogen. In tomato, 
ABA application lead to antagonistic cross-talk between the ABA- and SA-responsive defense 
pathways, resulting in increased susceptibility to B. cinerea (Audenaert, De Meyer and Höfte, 
2002), while in Arabidopsis pre-treatment with SA caused cross-talk between the SA and JA-
dependent defense, causing increased susceptibility to Alternaria brassicicola (Spoel, Johnson and 
Dong, 2007). Furthermore, mixtures of chemical IR agents can have multifarious effects. There 
could be undesirable outcomes due to the complex cross-talk between plant defence pathways. 
For example there is considerable evidence that SA and JA dependent defence pathways are 
antagonistic (Thaler, Humphrey and Whiteman, 2012). There could also be positive effective 
effects. There is also evidence of the simultaneous expression of SA- and JA-mediated defences 
(Clarke et al., 2000; Imanishi et al., 2000; van Wees et al., 2000; Betsuyaku et al., 2018). In 
such mixed agent treatments, the balance between antagonism synergism could be partially dose 
dependent. The co-application of SA and JA in tobacco and Arabidopsis resulted in synergistic 
effects on the expression of SA- and JA-dependent defence genes at low concentrations,  while 
higher concentrations of these hormones resulted in antagonism (Mur et al., 2006). Together 
these examples demonstrate the need for careful, case-by-case selection of optimal pathosystems 
for the application of IR agent treatments.  
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With the continuing expansion of our understanding of the mechanistic basis of IR, the 
characterisation of the action of many chemical IR agents in many pathosystems and the availability 
of more effective agents, it is reasonable to hope that these agents have the potential to become 
widely used crop protection products. The strategies discussed here involving different IR agent, 
BCAs and biocide combinations can be picked and mixed to formulate efficacious treatments 
that can be incorporated into IPM protocols (Fig 6.1). However, IPM is applied to multiple 
crops with multiple pathogens, some of which are coincidental in time and/or space. Therefore, 
it is important to understand the principles whereby IPM components are combined and how 
these will impact different pathosystems. In the uncontrolled environment of the field where 
many abiotic and biotic stresses will trigger plant responses that can lead to complex interactions 
with the agents (Walters and Fountaine, 2009; Bruce, 2014; Walters et al., 2014) this process 
can be complicated. However, in more controlled environments such as glasshouses or highly 
controlled vertical farming chambers, their potential is high. Under such controlled conditions, 
it should be possible to combine IPM measures that include chemical IR agents in a way that has 
outcomes that are more predictable.  Also, under these controlled environments, there is a scope 
for formulating bespoke treatments that are highly targeted to the biotic stress vulnerabilities of 
the system. Furthermore, for organic growers that desire natural means of protecting produce, 
the exploitation of IR agents can fulfil such requirements. Indeed, interest in ‘natural’ protection 
products is growing. The global plant Biostimulants (a term used for commercial products that 
are marketed as stimulants of natural plant growth and/or protection) market is forecast to reach 
USD4.5 billion by 2027 and have an annual growth rate of 11.2% during the period 2020-2027 
(Global Industry Analysts Inc, 2020). In order to provide improved products to this growing 
market, it is necessary to increase the translation of the growing mechanistic knowledge of IR 
into applied research that incorporates chemical IR into IPM. Toward that goal, an example from 
this research has been the identification of a formulation of the IR agents BABA and RBH that 
can interact synergistically to alleviate downy mildew symptoms without impacting growth, in 
the economically important crop of lettuce.  
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6.4 Future work 

To further develop and exploit BABA, RBH and ChP as commercial plant protection agents, 
additional studies are needed. An important hurdle against adoption of these IR agents is their 
variable effects across pathosystems. Accordingly, further research is needed to investigate the 
contrasting results reported between this work and past studies. RBH, despite it being a relatively 
new IR agent, has already been reported to have contrasting effects in terms of phytotoxicity 
and efficacy against B. cinerea in the tomato cultivars Micro-Tom and Moneymaker (Buswell 
et al., 2018; Chapter 3). Examining these parameters in other commercial tomato cultivars 
would be worth pursuing, which may also help genetic breeding schemes for IR efficacy and 
tolerance. In that regard, it is worth noting a recent publication by Tao et al., (2022) describing 
the discovery of LHT1 as the cellular uptake transporter of BABA and RBH. This study revealed 
that the expression of the LHT1 gene not only determined the efficacy of the IR response to 
RBH and BABA, but also the phytotoxic side-effects upon chemical overstimulation with higher 
concentrations of both agents. Notably, while Arabidopsis wildtype plants remained tolerant to 
very high RBH concentrations, transgenic over-expression of LHT1 rendered this plant species 
sensitive to RBH-induced phytotoxicity. Hence, LHT1 acts as a master regulator of the trade-off 
between induced resistance by RBH or BABA and growth. Since LHT1 is a conserved amino 
transporter gene in plants, this study demonstrates that the trade-off between induced resistance 
and growth by resistance-inducing β-amino acids can be optimized by manipulating LHT1 gene 
expression, which offers major translational opportunities for breeding programs that aim to 
exploit BABA- and/or RBH-induced resistance in crops but suffer from phytotoxicity by these 
agents. Furthermore, the promising synergistic IR efficacy by combinations of low BABA and 
RBH concentrations should be expanded to other crop-downy mildew pathosystems, while the 
effectiveness of RBH and BABA against necrotrophic pathogens requires further evaluation. In 
this work, BABA, unlike multiple past studies (Luna et al., 2016; Wilkinson et al., 2018; Li, 
Sheng and Shen, 2020) was found to lack efficacy against B. cinerea in tomato, which may 
be due to plant genotype, age-dependent effects or a combination thereof. Thus, experiments 
looking into the efficacies and phytotoxicities of all three agents as function of plant genotype 
and plant age will yield new translatable data that can be used for better exploitation of these IR 
agents. Finally, exploring and optimising the application methods for these IR agents remains 
crucial for wider application. Further investigations of differences in the effects of agents as soil, 
foliar, seed coating or hydroponic growth medium would provide useful information on how 
best to apply them.  
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