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Abstract

Plant hormones are important in the control of physiological and developmental processes
including seed germination, senescence, flowering, stomatal aperture, and ultimately the
overall growth and yield of plants. Many currently available methods to quantify such growth
regulators quickly and accurately require extensive sample purification using complex
analytic techniques. Herein we used ultra-performance liquid chromatography-high-
resolution mass spectrometry (UHPLC-HRMS) to create and validate the prediction of
hormone concentrations made using attenuated total reflection Fourier-transform infrared
(ATR-FTIR) spectral profiles of both freeze-dried ground leaf tissue and extracted xylem sap
of Japanese knotweed (Reynoutria japonica) plants grown under different environmental
conditions. In addition to these predictions made with partial least squares regression, further
analysis of spectral data was performed using chemometric techniques, including principal
component analysis, linear discriminant analysis, and support vector machines (SVM). Plants
grown in different environments had sufficiently different biochemical profiles, including
plant hormonal compounds, to allow successful differentiation by ATR-FTIR spectroscopy
coupled with SVM. ATR-FTIR spectral biomarkers highlighted a range of biomolecules
responsible for the differing spectral signatures between growth environments, such as
triacylglycerol, proteins and amino acids, tannins, pectin, polysaccharides such as starch and
cellulose, DNA and RNA. Using partial least squares regression, we show the potential for
accurate prediction of plant hormone concentrations from ATR-FTIR spectral profiles,
calibrated with hormonal data quantified by UHPLC-HRMS. The application of ATR-FTIR
spectroscopy and chemometrics offers accurate prediction of hormone concentrations in plant

samples, with advantages over existing approaches.
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Introduction

As sessile organisms, plants rely on signalling molecules such as plant hormones to enable
them to react appropriately to their environment; they contribute to a plastic adaptive
response, regulating plant growth and stress tolerance !, and plants grown under different
environmental conditions show significant differences in hormone profiles 23. Plant
hormones include: ethylene, auxin, gibberellins (GAs), cytokinins (CKs), abscisic acid
(ABA), salicylic acid (SA), strigolactones (SLs), brassinosteroids (BRs) and jasmonic acid
(JA) 3. Plant hormone identification is challenging due to their low concentrations, ranging
stabilities and similar core structures, including isomers with the same MS fragmentation
patterns (e.g. cis- and trans-zeatin, topolin isomers, brassinolide and 24-epibrassinolide [24-
epiBL], and castasterone and 24-epicastasterone; Simura et al., 2018). Current methods for
plant hormone analysis include: gas chromatography-mass spectrometry (GC-MS), capillary
electrophoresis-mass spectroscopy (CE-MS) >, enzyme-linked immune sorbent assay
(ELISA) 6, ultra-performance liquid chromatography-mass spectrometry (UPLC-MS) 7, high
performance liquid chromatography-mass spectrometry (HPLC-MS) #® and liquid
chromatography-ultraviolet detection (LC-UV) °. Liquid chromatography is a versatile
method that allows the separation of compounds of a wide range of polarity, but these
classical chromatographic techniques require destruction of the plant and lengthy sample
preparation. More recently the research focus has shifted towards the development of non-
destructive spectroscopic techniques for plant hormone detection, such as Raman
spectroscopy '%!! and desorption electrospray ionisation mass spectrometry imaging (DESI-

MSI)12.

Plant hormones control a range of complex physiological and developmental processes
including seed germination, senescence, flowering, and stomatal control, and affect overall

plant growth and crop yield '. Antagonistic hormonal crosstalk also regulates numerous
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factors influencing the success of invasive alien species (IAS), for example, the trade-off
between growth and defence '3, adaptive transgenerational plasticity '4, and the biosynthesis
of allelopathic chemicals 5. The importance of hormonal regulation in plant invasions has
been demonstrated in the differential biomass allocation '© and defence responses !7 of
invasive and native plants, and in locally adaptive chromosomal inversion in invasive plants
18 Additionally, many herbicides used for the control of IAS are plant hormone analogues or
interfere with hormonal signalling and synthesis pathways '°. IAS have significant negative
socio-economic 2%2! and environmental 2> impacts and therefore it is critical to gain an
increased understanding of the factors, including the role of plant hormones, that enable the

invasiveness and superior growth performance of these species 2326,

Japanese knotweed (Reynoutria japonica) is an IAS found across a broad geographic range,
colonising diverse habitats including riparian wetlands, urban transport courses, and coastal
areas 2728, It is very tolerant to abiotic stress, occupying extreme environments such as salt
marshes ?° and metal-polluted soil 3%3!. Although its habitats are diverse, Japanese knotweed
exhibits minimal genetic variation in Central Europe 7, Norway 32 and the USA 28, and exists
as a female clone in the United Kingdom from a single introduction 3334, The ecological
adaptability of Japanese knotweed as an invasive weed renders this species an ideal model for
investigating the contribution of plant hormones to IAS invasiveness through a concatenated
approach combining ultra-performance liquid chromatography-high resolution mass
spectrometry (UHPLC-HRMS) and attenuated total reflection Fourier-transform infrared

(ATR-FTIR) spectral data.

In this study we used UHPLC-HRMS to quantitatively measure the concentrations of a set of
plant hormones at nanogram per millilitre concentrations: the active CKs trans-Zeatin (t-Z),
trans-zeatin riboside (tZR) and isopentyl-adenine (iP), the active GAs gibberellin A1 (GA)),

gibberellin A4 (GA,), gibberellin A3 (GA;), the active auxin indole-3-acetic acid (IAA),
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ABA, JA, SA, and the ethylene precursor 1-amino-cyclopropane-1-carboxylic acid (ACC);
and compared these measured concentrations to those predicted from ATR-FTIR spectral
profiles of both xylem sap and freeze-dried ground leaves. ATR-FTIR spectroscopy employs
infrared (IR) light to alter the molecular vibrations of a sample, providing information on the
compounds within. It is a rapid analytical technique well-suited to environmental monitoring
with the advantages of a high degree of specificity and sensitivity, minimal sample
preparation, and portable enough for use in the field. It can be used non-destructively on
whole plant tissues, even in planta 3-%. We used chemometric algorithms to allow further
information to be gained from the absorbance profiles, such as molecular biomarkers
associated with the plants’ environments. Chemometric techniques used included principal
component analysis (PCA), PCA in combination with linear discriminant analysis (LDA),
support vector machines (SVMs), and partial least squares regression (PLSR) 3739, These
highlighted a range of biomolecules responsible for the differing IR spectral signatures
between growth environments, such as triacylglycerol, proteins and amino acids, tannins,
pectin, polysaccharides such as starch and cellulose, deoxyribonucleic acid (DNA) and
ribonucleic acid (RNA) 40, PLSR comparison of the ATR-FTIR spectral data with the
quantitative data from UHPLC— HRMS analysis allowed the effect of each hormone on the
spectral absorbances to be viewed in isolation. Key wavenumbers within the mid-infrared
fingerprint region were identified for prediction of plant hormone concentrations using ATR-
FTIR spectroscopy; predominantly in the region of 1200-1000 cm! for leaf samples and
1600-1500 cm! for xylem sap samples. In leaf samples these often related to polysaccharide
molecules, whilst in xylem compounds these key wavenumbers were more commonly
associated with nucleic acids and bases. Predictive models were built to consider the
concentrations of each hormone in turn and also to detect concentrations of several different

hormones at once.
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Materials and Methods

Plant growth

Japanese knotweed readily reproduces asexually from small fragments of an underground
storage organ called a rhizome, which has a woody root-like structure. Rhizomes were
collected from a site on the River Wyre, Google map reference 53.94977780, -2.75541670,
with landowner permission from Lancashire County Council. Ninety fragments of rhizome
(10-50 g, volume 2-58 cm?®) were planted in fertilized organic loam (John Innes No. 1, J.
Arthur Bowers, UK) in cylindrical pots designed to tightly fit in a Scholander-type pressure
chamber (Soil Moisture Equipment Corp., Santa Barbara, CA, USA) measuring 6.5 cm in
diameter and 23 cm in length with a volume of 763.2 cm?, and featured a stainless-steel mesh
(0.7 mm aperture) at the base to assist drainage. Pots were placed in one of two climate-
controlled cabinets (Microclima 1750, Snijders Scientific BV, Netherlands) at 80% humidity,
16 h of photoperiod, and 19/11°C day/night temperature where the treatments were applied
and plants were grown for a total of fifty days before harvesting. The long photoperiod and
temperature range were selected to simulate an average British Summer in the areas where
Japanese knotweed usually colonises, using a comparison of temperature maps from the Met

Office #' and a distribution map of Japanese knotweed in the British Isles 4.

Treatments

Rhizome fragments were divided into eight treatment groups to give an even split of rhizome
masses in each group. The treatments applied were: Light Control ‘LC’, Light Drought ‘LD’,
Light Nitrogen ‘LN’, Light Low Nutrient ‘LLN’, Shade Control ‘SC’, Shade Drought ‘SD’,
Shade Nitrogen ‘SN’ and Shade Low Nutrient ‘SLN’. Four groups were placed in each of
two growth cabinets. In both cabinets, the light emitted from the two high-pressure sodium
lamps (SON-T 400 W, Philips Lighting, Eindhoven, The Netherlands) was reduced using a

LEE 2009 filter (LEE Filters Worldwide, Andover, Hampshire, UK). In one cabinet, a matrix

Page 8 of 168
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of far-red LEDs (EPILEDS, 740-745 nm) distributed in five rows 30 cm apart was used to
decrease the red: far-red ratio (R:FR) to simulate shading. Wavelengths emitted were
measured using an UPRtek (Taiwan) PGI0ON light spectrometer. The resultant combined
light conditions (see Table S17) resulted in a ‘light’ treatment with a R:FR of 5.6 and a
‘shade’ treatment with a R:FR of 0.4 (see Figure S1{ for the spectral profile). Plants were
shuffled weekly within each cabinet to minimise positional effects from the LED matrix
pattern. The R:FR of natural sunlight during the day is approximately 1.15 43 and the R:FR of
0.4 in the shade treatment was chosen to replicate that found within vegetative canopies such
as sugar beet, deciduous woodland, coniferous woodland and tropical rainforest 43. In both
cases, the photosynthetic photon flux density (PPFD) was between 124.7 and 189.8

umol-m 2:s”! which is typical of growth cabinet studies 4447,

Plants were provided with water (75 mL/pot / 48 h), apart from LD and SD in which water
was withheld for 7 days prior to harvest. Once a week, four groups (LC, LD, SC, SD) were
watered with 75 mL Hoagland solution to provide both nitrogen and micronutrients, see
Table S27 for details. LN and SN were fed with the commonly used agricultural dose of 50
kg ha-! year! 48; this was scaled down for a pot diameter of 6.2 cm and applied across a split-
dose at 21 and 23 days to prevent leaching. Groups LLN and SLN were provided only with

water and received no additional nitrogen or micronutrients.

Harvest

Two leaves were excised from each plant for the analysis 4-8 h into the photoperiod in order
to fall within a stable period of the plants’ circadian rhythm. The youngest leaf from the top
of plants was placed in liquid nitrogen, freeze-dried, and finely ground for hormone analysis
by U-HPLC-HRMS, and the second leaf down was treated similarly for analysis by ATR-
FTIR spectroscopy. Following this, the plant was de-topped and the whole pot inserted into a
Scholander-type pressure chamber (Soil Moisture Equipment Corp., Santa Barbara, CA,

8
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USA) with the stem protruding for xylem sap collection. The pressure was matched to the
flow rate by increasing the pressure gradually above the balance pressure. For each trial
pressure, the flow rate was calculated by weighing the sap collected for twenty seconds, until
the flow rate matched that calculated by mass loss following the method previously described
in #°. This was necessary as it has been shown that ABA concentration are influenced by sap
flow rate 4. Sap was collected in Eppendorf vials, immediately frozen in liquid nitrogen and

stored at —80°C for hormone determination, and ATR-FTIR spectral analysis.

Plant hormones

Plant hormones were quantified from frozen xylem sap and freeze-dried ground leaf material
using UHPLC-HRMS as described previously with some modifications 3%3!. Freeze-dried
ground leaf samples were prepared with several extraction steps and sonication before
analysis, whilst only the filtration and centrifugation steps were necessary for the xylem sap
samples. In the first extraction up to 250 mg of raw material was mixed with methanol (1.25
mL, 80%) and an internal-standards mix composed of deuterium labelled hormones ([*Hs]tZ,
LHTZR, [PHgliP, [PH>]GA,, [PH,]GAs, [PHa]GA4, [PHSJIAA, [PHeJABA, [PHa]SA, [PHelJA,
[’H4JACC, Olchemim Ltd, Olomouc, Czech Republic) at a concentration of 5 pg mL™! in
80% methanol. Samples were vortexed, incubated for 30 min at 4°C, and centrifuged (20000
g, 4°C, 15 min). Supernatants were passed through Chromafix CI18 columns
(MachereyNagel, Diiren/Germany) previously pre-equilibrated with 80% methanol and
filtrates were collected on ice. Extraction was repeated with 1.25 mL 80% methanol; second
extracts were passed through the same columns. The combined extracts were collected and
concentrated to complete dryness using the Integrated SpeedVac® Concentrator System
AES1000 (Savant Instruments Inc., Holbrook/USA). The residues were resolved in 500 or
1000 pL 20% methanol, sonicated for 8 min using a ultrasonic bath, passed through 0.2-pm

syringe filters (Chromafil PES-20/25) and placed in HPLC vials for analysis, and optionally

Page 10 of 168
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stored at —80°C. Phytohormone analyses were performed using a UHPLC-HRMS system
consisting of a Thermo ACCELA pump (Thermo Scientific, Waltham/USA) coupled to a
tempered HTC-PAL autosampler (CTC Analytics, Zwingen/Switzerland), and connected to a
Thermo Exactive Spectrometer (Thermo Scientific) with a heated electrospray ionization
(HESI) interface. Due to the high resolution of the Orbitrap, we recorded the total ion
chromatogram of the samples and did not fragment the molecules. A typical chromatogram
for SA is shown in Figure S27. The analysis was performed in the negative mode [M-H]
(Table S37), and the instrument settings included: sheath gas flow rate = 35 ml-min’!,
auxiliary gas flow rate = 10 ml-min-!, spray voltage = 2.5 kV, capillary temperature = 275°C,
capillary voltage = -40 V, tube lens voltage = -110 V, skimmer voltage = -20 V. Mass spectra
were obtained using the Xcalibur software version 2.2 (ThermoFisher Scientific, Waltham,
MA, USA). For quantification of the plant hormones, calibration curves were constructed for
each analysed component (1, 10, 50, and 100 ug I-'") and corrected for 10 pg I'! deuterated

internal standards. Recovery percentages ranged between 92 and 95%.

ATR-FTIR spectral acquisition

Freeze-dried ground leaves and xylem sap were analysed using a Tensor 27 FTIR
spectrometer with a Helios ATR attachment (Bruker Optics Ltd, Coventry, UK). The
sampling area, defined by the Internal Reflection Element (IRE), which was a diamond
crystal, was 250 pm x 250 pum. Spectral resolution was 8 cm!' with 2 times zero-filling,
giving a data-spacing of 4 cm! over the range 4000 to 400 cm™'; 32 co-additions and a mirror
velocity of 2.2 kHz were used for optimum signal to noise ratio. To minimise bias, ten
spectra were taken for each sample. Each sample was placed on a slide with the side to be
analysed facing upwards, placed on a moving platform, and then raised to ensure a consistent
contact with the diamond crystal. For xylem sap samples, 30 mL of xylem sap was placed on

a tin foil-covered slide and allowed to dry before analysis. For freeze-dried ground leaves a

10
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small amount of powder was transferred to each slide using a spatula. A total of 410 spectra

were taken for xylem sap and 330 spectra were taken of freeze-dried ground leaf tissue.

Data analysis

The ‘mergetool’ function of an in-house developed MATLAB (Mathworks, Natick, USA)
toolbox called IRootLab 3>33 was used to convert all spectral information from OPUS format
to suitable files (.txt). Following this, it was necessary to pre-process the acquired spectra to
improve the signal-to-noise ratio. Pre-processing corrects problems associated with random
or systematic artefacts during spectral acquisition and is an essential step of all spectroscopic
experiments. Pre-processing and computational analysis of the data were performed using a
combination of IRootLab toolbox >3 and the PLS Toolbox version 7.9.3 (Eigenvector
Research, Inc., Manson, USA). The pre-processing steps applied to all spectra were firstly the
selection of the spectral biochemical fingerprint region (1800-900cm™), followed by
Savitzky—Golay (SG) second differentiation (nine smoothing points) and vector
normalisation. All data were mean centred before multivariate analysis, where multiple

dependant variables are observed simultaneously to determine a pattern.

Four machine learning techniques were used in this study: an unsupervised dimensionality
reduction method, two supervised classification methods and one regression. The
unsupervised method principal component analysis (PCA) simplifies complex multivariate
datasets, allowing them to be presented intuitively and enabling pattern recognition. Two
supervised chemometric techniques, principal component analysis with linear discriminant
analysis (PCA-LDA) and support vector machines (SVM), were used for the classification of
groups 3738, PCA-LDA was also used for the determination of biomarkers. Most importantly,
hormone prediction was achieved using a multivariate analysis technique called PLSR of
both ATR-FTIR spectral data and real hormone data as measured by UHPLC-HRMS 3°.

Regression by PLSR was performed with the same pre-processed data without vector

11
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normalization. Multivariate analysis techniques allow multiple variables to be compared at
the same time enabling spectral absorbance values across a range of wavelengths to be
simultaneously correlated against concentrations of multiple hormones for numerous
samples. Observing all these data at once allows patterns to be seen and enables predictions
to be made. To form these models, an X-block of ATR-FTIR spectral absorbance data for
plants was analysed by PLSR against a Y-block of hormone concentrations for the
corresponding plants as measured using UHPLC-HRMS. Environments were analysed
separately, allowing a model to be created for each of them. The PLSR models were
validated by Monte-Carlo cross-validation, where 20% of the spectral data is randomly left-
out for validation and the remaining 80% is used for training the model in an exhaustive
process to ensure model consistency and validation reliability. In this study, Monte-Carlo
cross-validation was performed with 1000 iteration cycles. The number of principal
components for PCA-LDA was set at 10, to ensure more than 95% of the original data
explained variance was contemplated. PLSR models were built varying the number of latent
variables according to the smallest root-mean-squared error (RMSE) of cross-validation.
Once made, these models can be applied to new ATR-FTIR spectral data in the absence of

UHPLC-HRMS data to predict plant hormone concentrations.

Results

ATR-FTIR spectral analysis classifies plants from different environments via spectral
differences

The sensitive nature of IR spectroscopy allowed indications of plant responses to
environment to be observed visually as differences between spectral profiles. The pre-
processed fingerprint spectra exhibit distinguishable differences between spectra of different
treatment groups, for both xylem sap and freeze-dried ground samples, at 950, 1050, 1150,

1250, 1325, 1400, 1525, 1575 and 1610 cm™! (Figure S3bt) and 950, 1050, 1275, 1400, 1525

12
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and 1610 cm! (Figure S3d+), respectively. Three chemometric techniques (PCA, PCA-LDA
and SVM) were used to extract further information from the spectral absorbance profiles of
xylem sap (Figures la-d) and freeze-dried ground leaves (Figures 2a-d). The unsupervised
technique, PCA, showed poor separation between treatment groups in xylem sap samples
(Figure 1la). However, addition of the supervised classifier LDA created biologically
meaningful separation along the linear discriminant 1 (LD1) axis. Xylem sap samples in the
low nutrient categories (LLN and SLN) fall to the right of the other samples with the same
lighting regine (LC, LD, LN and SC, SD and SN respectively) along the LD1 axis (Figure
1b). In leaf samples, the separation along the LD1 axis relates to light regime (Figure 2b),
with ‘light’ to the left and ‘shade’ to the right. For the xylem sap samples, the left-hand side
of the PCA-LDA scatter graph contains both control and drought plant samples (LC and LD)
which were watered with Hoagland solution, the central portion contains clusters of nitrogen
fed and low nutrient shaded plants (SN and SLN), and the right-hand side contains the light
samples of the nitrogen and low nutrient categories (LN and LLN). The pattern observed in
Figure 2a is distinctive due to the homogenisation introduced by the grinding process; PCA
of freeze-dried ground leaves separated spectra from individual samples into clusters. PCA-
LDA of freeze-dried leaf samples (Figure 2b) resulted in a separation along the axis LD1; LD
to the left, LC, LN and LLN in the central portion, and all shaded groups to the right (SC, SD,
SN and SLN). The stronger chemometric technique, SVM, achieved the best classification
results for both sample types. Analysis of spectra from xylem sap samples using SVM
achieved 99.0% accuracy, 98.2% sensitivity, and 99.8% specificity (Figures 1c-d). However,
application of SVM to spectra of freeze-dried ground leaves attained even better separation
with 99.8% accuracy, 99.6% sensitivity and 100.0% specificity (Figures 2c-d). For SVM

model parameters, cost, gamma and number of support vectors, see Table S4+.
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Figure 1: (a) PCA scores plot showing poor separation between classes, (b) PCA-LDA
scatter plot showing some separation by nutrient levels, (¢) SVM sample/measured plot
showing correct classification (Y-axis) of spectra from samples of different treatment
categories (X-axis) and (d) SVM results for ATR-FTIR spectra taken of xylem sap samples
showing excellent classification, grouped by treatments; Light Control (LC), Light Drought
(LD), Light Nitrogen (LN), Light Low Nitrogen (LLN), Shade Control (SC), Shade Drought
(SD), Shade Nitrogen (SN) and Shade Low Nitrogen (SLN).

(b) Freeze Dried Ground - PCA-LDA
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GROUND LEAVES - % Accuracy % Sensitivity % Specificity
SVM
Light Control 99.8 100 99.7
Light Drought 100 100 100
Light Nitrogen 100 100 100
Light Low Nitrogen 100 100 100
Shade Control 100 100 100
Shade Drought 100 100 100
Shade Nitrogen 98.3 96.7 100
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Figure 2: (a) PCA scores plot in which each cluster is formed from separate samples due to
the homogenisation introduced by the grinding process, (b) PCA-LDA scatter plot showing
some separation by light levels, (¢) SVM sample/measured plot showing correct classification
(Y-axis) of spectra from samples of different treatment categories (X-axis) and (d) SVM
results for ATR-FTIR spectra taken of freeze-dried ground leaves samples showing excellent
classification, grouped by treatments; Light Control (LC), Light Drought (LD), Light
Nitrogen (LN), Light Low Nitrogen (LLN), Shade Control (SC), Shade Drought (SD), Shade
Nitrogen (SN) and Shade Low Nitrogen (SLN).

ATR-FTIR spectral analysis identifies biomolecular differences between treatments

ATR-FTIR spectroscopy can detect changes in concentration or molecular structure of
compounds. Significant biomolecular differences can be deciphered by examination of the
key wavenumbers, which differentiate spectral profiles of different treatment groups from
one another. These wavenumbers are called loadings (Figure S471) and their tentative
molecular assignments have been found through examination of the literature for both xylem
sap and leaf sample types for biomarker information and references (see Table S5t). The
peaks which differentiate treatment groups in xylem sap samples were related to a range of
biomolecules such as triacylglycerol, proteins, glutamate, cellulose, tannins, starch, and RNA
462 For freeze-dried ground leaves, the differences were found in much the same
compounds: triacylglycerol, proteins and amino acids, pectin, polysaccharides such as starch

and cellulose, and DNA 53:56:39.63-65,

UHPLC— HRMS hormone analysis indicates that hormone concentrations are impacted by
applied treatments

Plants respond to their environment via signalling molecules such as hormones, to enable a
plastic response. This is reflected in the concentrations of plant hormones measured by
UHPLC-HRMS (ACC, tZ, iP, SA, ABA, JA, GA,, GA4, GA;, tZR, and IAA) which were
different between plants belonging to different treatment groups (see Figure 3a and c; Figures
S51 and S67). Figure 3a shows separation of LD and SD plants along PC1 based on xylem

sap hormone concentrations accounting for 65.07% of the variance. This is primarily due to
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increased ABA and tZ (see Figure 3b, PC1 loadings in blue). The separation along PC2 for
xylem sap samples is due to the antagonistic relationship between JA and ABA (Figure 3b,
PC2 loadings in green), which is variable within treatment categories (Figure 3a). Figure 3c
also shows a separation along PCl of droughted samples based on the hormone
concentrations of freeze-dried ground leaves, accounting for 46.32% of the sample variance.
High leaf ABA and low leaf ACC, JA and tZ concentrations were primary responsible for
separation along axis PC1 (Figure 3d, PCI loadings in blue). The PC2 axis of Figure 3c
shows some separation by lighting treatment, however this separation was of lesser
importance and only explained 38.23% of the variance. The green line in Figure 3d indicates
that ABA, JA, tZ, and SA were all higher in LC and LD samples to create this separation
along axis PC2, whilst ACC was lower. JA concentrations in plants with a low red: far-red

ratio were lower.
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Figure 3: UHPLC-HRMS measurements of plant hormone concentrations analysed by PCA:

a) xylem sap PCA scores showing separation of droughted plants along the PCI1 axis, b)

xylem sap loadings highlighting the importance of ABA in droughted samples, c) freeze-

dried ground leaf scores showing separation by drought along PC1 and red: far red ratio

along PC2, d) freeze-dried ground leaf loadings indicating that droughted plants exhibited

high ABA and low ACC, JA and tZ concentrations whilst plants with a high red: far-red ratio
had high ABA, JA, tZ, and SA but low ACC concentrations.

In xylem sap samples (Figure S51), ABA concentration was highest in the drought
categories; LD and SD, at ~17 and ~7 ng'ml! of sap ABA respectively, whilst the other
categories ranged between ~1 and 3 ng-ml! sap. Leaf ABA concentrations (Figure S61) were
approximately quadruple in LD than those of the other categories. Shade plants had notably
lower xylem SA concentrations, in the range of 0.7-1.1 ng-ml! sap compared with 1.6-4.5

ng-ml-! sap for ‘light’ plants. Leaf tZ was 4.5-fold higher in LC plants than in those of SLN.
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Leaf JA concentration was significantly higher in the light control group LC (~710 ng-g’! dry
weight) compared to all other groups (ranging 170-420 ng-g'! dry weight), except the shade
control group SC (~460 ng-g-! dry weight). LC had the highest iP concentrations at 0.25 ng-g
I dry weight, significantly higher compared to groups LD, LN, SD, SN (ranging 0.03-0.6

ng-g-! dry weight), with the other groups falling in between.

Combined ATR-FTIR UHPLC-HRMS analysis identifies key spectral wavenumber for
hormone prediction via ATR-FTIR spectroscopy

Whilst the plant hormone concentrations quantified by using UHPLC-HRMS served to
confirm that the applied treatments were effective at inducing a phenotypic response,
importantly the UHPLC-HRMS data enabled the generation of predictive models for
hormone concentrations using ATR-FTIR spectral data by means of a multivariate analysis
technique called partial least squares regression. PLSR allows simultaneous comparison of
multivariate datasets, in this case, the spectral absorbance values for either freeze-dried
ground leaf tissue or from xylem sap compared with the plant hormone values obtained by
HPLC-HRMS. Using PLSR, the extracted plant hormone concentrations measured by
UHPLC-HRMS were accurately predicted from ATR-FTIR spectral profiles of the same

sample material.
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Figure 4: PLS regression and regression coefficients of frans-Zeatin concentrations as
measured using UHPLC-HRMS against predicted values using ATR-FTIR spectra of a)
xylem sap (ng mL-"), and ¢) freeze-dried ground leaves (in ng-g'! dry weight) grown under all
treatment conditions. In panels a) and c), the black line shows the ideal prediction gradient of
one, which would be 100% accurate. The black and red scatters points represent the
calibration and validation samples during the Monte-Carlo cross-validation with 1000
iterations. The R?, root mean square error (RMSE) and bias are reported for the validation
samples of xylem sap (a) and freeze-dried ground leaves (c). These models were created
using spectral data from all treatment categories for individual hormones. The model in
panels a) and c¢) were constructed using 10 latent variables. Panels b) and d) show the
regression coefficients which indicates some of the most important wavenumbers (marked
with a red X) involved in making this prediction for xylem sap and freeze-dried leaves,
respectively.

The graphs in Figure 4 show the PLS regressions and regression coefficients of tZ hormone
concentrations as measured using UHPLC-HRMS against predicted concentrations using
ATR-FTIR spectra of either xylem sap or freeze-dried ground leaves from all treatment
categories as an example of the predictive models generated using this approach (see Figure

S71 and S9t for of the predictive models for the other hormones). For the regressions in
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Figure 4a and Figure 4c, the black lines show the ideal prediction gradient of one, which
would be 100% accurate. Leaf samples achieved a more accurate prediction of R?s= 0.649
([*Hs]tZ) to 0.848 ([*Hg]ABA) compared with 0.529 ([?H4]SA) to 0.820 ([?H,]GA,) for
xylem sap samples (see Figures S7 and S971). The PLSR models in Figures 4, S7f and S97
use hormonal data measured by UHPLC-HRMS to train them on the correlation between
different hormone concentrations and the corresponding differences in ATR-FTIR spectral
profiles. For each hormone, and each sample type, different spectral wavenumbers are
important in making this prediction. These key wavenumbers can be identified by the PLS
regression coefficients, which are presented in Figures S8+ and S107 for each hormone and
sample type. The regression coefficients with higher weights (either positive or negative)
represent key wavenumbers, since they are more correlated with the increase or decrease of
hormone concentration. These were detected mostly in the regions around 1000, 1400-1600
and 1750 cm™! (ABA); 1000-1100 and 1600-1650 cm! (tZ); 1000-1100, 1300 and 1500-1700
cm! (SA); 1000-1100 cm! (JA); 1000-1000 cm! and 1600-1800 cm-! (ACC) for prediction
of leaf hormone concentration; and, around 1000-1100 and 1500-1800 cm™' (ABA); 1400,
1600-1800 cm™ (tZ); 1300-1450 and 1700-1800 cm-!' (SA); 1100, 1400 and 1600-1700 cm™!

(JA); 1000-1200 and 1700-1800 cm™!' (GA1) for xylem sap hormone concentration.

Combined ATR-FTIR UHPLC-HRMS analysis gives a high correlation between predicted
and measured hormone concentrations

Analysis of data from each treatment separately allowed the generation of treatment-specific
models. Table 1 shows the validation R?> and root mean square error (RMSE) values for
predicted against measured hormone concentrations from xylem sap, with each row being a
separate treatment. The R? values for the predictions from xylem sap samples ranged between
0.831 (iP for light control) to 0.940 (GA1 for light nitrogen), and the RMSE values ranged

from 0.0004 ng/mL sap (GA4 for light control) to 2.655 ng/mL sap (ABA for light drought)
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(Table 1). Likewise, the validation R> and RMSE values for predicted against measured
hormone concentrations from freeze-dried ground leaves are shown in Table 2. The R? values
varied between 0.811 (ABA for shade control) to 0.957 (JA for shade low nutrient), and the
RMSE values ranged from 1.692 ng/g dry weight (ABA for shade nitrogen) to 60.244 ng/g
dry weight (JA for light control) (Table 2). In xylem sap samples, light nitrogen achieved the
best correlations for hormones iP (R? = 0.934), GA1 (R? = 0.940) and GA3 (R? = 0.889);
shade low nutrient for hormones ABA (R? = 0.933) and JA (R? = 0.935); light drought for
hormone tZ (R? = 0.904); shade nitrogen for hormone IAA (R? = 0.892); shade drought for
hormone SA (R? = 0.926); and, light control for GA1 (R? = 0.924), being the only treatment
associated with GA1 hormone. In freeze-dried ground leaves, the best correlations were:
shade low nutrient for hormones ACC (R? = 0.948) and JA (R? = 0.957); shade drought for
hormone tZ (R? = 0.932); shade nitrogen for hormone ABA (R? = 0.950); and, light drought
for hormone SA (R? = 0.952). These models therefore provide a valuable resource that can be
saved and applied to new spectral data obtained from plants grown under similar conditions
thereby allowing the hormone concentrations to be accurately predicted without the

requirement for exhaustive UHPLC— HRMS analysis.

Table 1: R? and root-mean square error (RMSE) values for predicted against measured
hormone concentrations from partial least squares regression for xylem sap ATR-FTIR
spectral data against UHPLC-HRMS-measured hormone concentrations. Hormones with zero
values for multiple plants were excluded from the model and are designated as NA. The
treatments with best R? results for each hormone are shaded in gray. The number of latent
variables to construct the PLSR regression models are shown in Table S6+.

Page 22 of 168

Xylem Sap RMSE
(ng/mL sap) tz iP GAl GA3 GA4 TAA ABA JA

SA

Light Control 0.294 0347 0.042 NA 0.0004 0.006 0.190 0589 0.
Light Drought 0.741 0.008 0.116 0.034 NA NA 2.655 2570 0.
Light Nitrogen 0.384 0.001 0.001 0.010 NA NA 0326 0.817 0.
Light Low Nutrient ~ 0.205  0.002  0.001 NA NA NA 0.189  0.708 0.
Shade Control 0.031 0.060 0.014 0.006 NA NA 0295 0.671 0.
Shade Drought 0318 NA 0.044  0.009 NA NA 0939 0870 0.
Shade Nitrogen 0.051 0.002 0.008 0.001 NA 0.007 0.084 0.534 0.
Shade Low Nutrient 0.088  NA 0.020 NA NA NA 0.112  0.143 0.

323
482
737
222
138
043
086
086

Xylem Sap R? tz iP GAl GA3 GA4 IAA  ABA JA

SA
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Light Control
Light Drought
Light Nitrogen
Light Low Nutrient
Shade Control
Shade Drought
Shade Nitrogen
Shade Low Nutrient

0.876
0.904
0.891
0.872
0.896
0.886
0.900
0.903

0.831
0.887
0.934
0.881
0.891
NA
0.902
NA

0.881
0.914
0.940
0.888
0.918
0.889
0.876
0.910

NA
0.862
0.889

NA
0.880
0.884
0.884

NA

0.924
NA
NA
NA
NA
NA
NA
NA

0.865
NA
NA
NA
NA
NA

0.892
NA

0.856
0.894
0.902
0.865
0.881
0.914
0.862
0.933

0.905
0.897
0.886
0.875
0.884
0.932
0.928
0.935

0.888
0.863
0.884
0.907
0.902
0.926
0.867
0.882

Table 2: R? and root-mean square error (RMSE) values for predicted against measured
hormone concentrations from partial least squares regression for freeze-dried ground (FDG)
leaves ATR-FTIR spectral data against UHPLC-HRMS-measured hormone concentrations.
The treatments with best R? results for each hormone are shaded in gray. The number of

latent variables to construct the PLSR regression models are shown in Table S67.

FDG Leaves RMSE
(ng/g dry weight) ACC tz ABA JA SA
Light Control 52465 18.024 6.864 60.244 11.221
Light Drought 10.090 12.066 24915 19.672 11.330
Light Nitrogen 27.340 11.509 6.686 19.963  5.345
Light Low Nutrient ~ 25.134  7.362  6.981 11.333 2,982
Shade Control 7.344 17.257 6.601 29.534 4.753
Shade Drought 14.084 9.137 5.466 9.035 4.121
Shade Nitrogen 32.843 9.663 1.692 5.879 2.691
Shade Low Nutrient =~ 3.852  10.446 2.218 7.824 3.650
FDG Leaves R? ACC tz ABA JA SA
Light Control 0.904 0.873 0916 0.901 0.900
Light Drought 0.883 0.909 0914 0.894 0.952
Light Nitrogen 0.909 0.902 0.902 0.925 0.926
Light Low Nutrient 0.921 0.906 0.887 0.953 0.909
Shade Control 0.840 0.829  0.811  0.855 0.860
Shade Drought 0.876 0.932 0.925 0917 0.942
Shade Nitrogen 0.892 0.863  0.950 0.954 0.907
Shade Low Nutrient ~ 0.948 0.900 0.933  0.957 0.918

Discussion

Differences in ATR-FTIR spectral profiles are highlighted through chemometrics

Japanese knotweed and other invasive species with low genetic variation exhibit a plastic

response to their environment which is thought to contribute to their invasion success 236667,

This phenotypic plasticity was reflected in the present study in the differences found between

spectral profiles between treatment groups. This is consistent with the results of studies in
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which ATR-FTIR spectroscopy has been successful in differentiating plants’ nutrient status
and plants from different growing environments 7!, The environmentally induced
phenotypic changes were successfully captured by the ATR-FTIR spectral profiles, which
were visibly different (see Figure S3t). Figures 1 and 2 demonstrate the power of
chemometrics to emphasise these differences. SVM was the most successful technique
applied and had marginally more success in the freeze-dried ground samples, likely due to the
homogenisation of the samples during the grinding process leading to more predictable
results. The higher separation of spectra from freeze-dried ground leaves (Figure 2a) by PCA
than that of xylem sap spectra (Figure 1a) could be due to the averaging effect of leaf growth
over time, adapted to each environment, compared with the nature of the xylem-sap samples
which capture a moment in time and could be influenced by compounds related to
development stage. Leaf samples reflect a balance between synthesis and metabolism and the
import and export of compounds, whilst xylem sap samples reflect instantaneous transport.
The sample type more closely correlated to the physiological response therefore depends on

the analyte of interest.

Hormone profiles reflect plant response to environment

It is well established that plant stresses such as drought, nutrient deficiency and shading can
have a marked impact on the concentrations of plant hormones !*. Our measurement of plant
hormones with the highly specific technique, UHPLC-HRMS, from xylem sap (Figure S5t)
and leaves (Figure S67) are consistent with this. The applied treatments (LC, LD, LN, LLN,
SC, SD, SN and SLN) were sufficiently different to alter the hormone profiles in the plants,
reflecting adaptations to each environment 72, Importantly, such a range of hormone

concentrations was essential prerequisite to create good datasets for regression analysis.
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Hormonal biomarkers identified for mid-infrared spectroscopy

The process from chemometric biomarker identification to physical biomolecular extraction
is a developing area of spectroscopy with ongoing research to optimise concentration
quantification 7374, molecular definition databases *° and new applications 33-36:6%7L75 [t was
therefore crucial that predictions for expected hormone profiles from spectroscopic data were
made and verified against actual hormone concentrations quantified by mass spectrometry.
PLSR comparison of the ATR-FTIR spectral data with the quantitative data from UHPLC—
HRMS analysis allowed the effect of each hormone on the spectral absorbances to be viewed
in isolation. The regression coefficients in Figure 4 aid to point to key spectral wavenumbers
used in the model creation for tZ concentration prediction. These suggest that the most
important regions for prediction of hormone concentrations using ATR-FTIR spectral profiles
are around 1000-1100 and 1620 cm! for leaf samples; and, around 1400-1450, 1580 and

1650-1780 cm! for xylem sap samples.

Three tentative wavenumbers used to predict ABA hormone concentration in leaf samples,
1612, 1566 and 1323 cm™! are often attributed to the Amide I °7, Amide II bands of proteins
(N-H bending and C-N stretching) ¢ and Amide III, respectively 2. As ABA does not
contain nitrogen within its structure this suggests that ABA-associated biochemical changes
in other compounds within the leaves could be acting as proxy indicators for the estimation of
ABA concentration. Similarly, 1516 cm™ is also tentatively associated with Amide II
vibrations of proteins and appears to be one of the key indicators for prediction of tZ, JA and
SA concentrations in leaves 3°. The Amide Ill-associated > peak identified at 1323 cm! was
also used to tentatively predict leaf SA concentrations. Two phosphorus-associated peaks that
were suggested were used for the prediction of leaf ABA concentration: 1211 ¢cm!, which is
tentatively associated with PO?~ asymmetric stretching (Phosphate I); and, 1065 cm-! linked

to C-O stretching of the phosphodiester and the ribose of bases *°. As ABA also does not
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contain phosphorus, this supports the hypothesis that compounds other than ABA contribute
to a ‘spectral signature’ for ABA-associated biochemical changes and suggest the use of
associated compounds as a proxy, would be useful to gain an overall picture of plant health in

agricultural and ecological settings.

In contrast, leaf SA concentrations were predicted using two peaks which could be tentatively
associated with the structure of SA: 1582 cm’!, which is linked to the ring C—C stretch of
phenyl; and, 1339 cm™! is associated with in-plane C—O stretching vibration combined with
the ring stretch of phenyl *. As a consequence, 1339 cm™! was used for prediction of leaf
ABA and SA, as well as xylem ABA, tZ and SA. Other tentative wavenumbers relating to
Amides I and II (1663, 1547, 1570, 1555 cm'!) also appeared important for the prediction of

hormone concentrations 55-56:59:76_

When plants are under stress, signalling cascades including hormones and reactive oxygen
species (ROS) induce biochemical changes 7. As an important regulator in response to
drought-induced stress, ABA induces ROS accumulation to facilitate stomatal closure 73,
whilst SA, which is part of the innate immune response 7°, ameliorates oxidative damage
through regulation of redox signalling and the antioxidant defence system %°. To prevent
oxidative damage, excess ROS may be absorbed and quenched by phenolic compounds,
which have antioxidant properties 8!. This coordinated biochemical response perhaps explains
why the possible biomarker at 1512 cm!, which is tentatively associated with v(C-C)
aromatic (conjugated with C=C phenolic compounds 82 appears to allow the prediction of
xylem sap ABA and SA concentrations. Another peak 1177 cm’!, could be associated with
the C—-O stretch vibration of tannins %!, and is possibly a predictor of xylem JA

concentrations.
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Polysaccharides are another class of compounds commonly used for the prediction of
hormone concentrations, particularly within leaf samples. The peak at 1038 cm'! is tentatively
associated with the polysaccharide galactan #3; this appears to be important in the prediction
of leaf SA concentrations. Leaf tZ and leaf JA concentrations appear to be predicted using a
peak at 1130 cm!, which has previously been tentatively attributed to the stretching
vibrations [v(CO)] of the COC glycosidic linkage of polysaccharides 34. Pectin is potentially
associated with a peak at 1443 cm! %4; this was hypothesised as useful in the prediction of
leaf tZ, SA, JA and ACC concentrations. In addition, a possible peak at 972 cm™! (specifically
from the OCHj3 group of polysaccharides such as pectin) 3° has potential to be used in the
prediction of leaf ABA, tZ, JA and ACC . This association with leaf JA could be linked to
jasmonate-mediated accumulation of leaf-soluble sugars in response to far-red light 8. A
potential peak at 1636 cm™! can be tentatively linked to C=O stretching of carbonyl group,
typical of saccharide absorption >; this appears to be important in prediction of xylem JA and
leaf SA concentrations. Leaf ABA levels appeared to be predicted using a peak at 1049 cm™!,
which is associated with cellulose 8. A potential peak biomarker at 1732 c¢cm'! has been
associated with both hemicellulose 33; this appeared to be a predictor of leaf ABA
concentrations. As a key hormone in the drought-induced response, it is perhaps unsurprising
that ABA might be estimated using hemicellulose because the leaves of drought-treated
plants are known to exhibit a higher content of hemicellulosic polysaccharides 8¢. A potential
peak biomarker at 1732 cm! has also been associated with lipid fatty acid esters #3, which is
the more probable molecular assignment in its use for estimation of xylem JA concentrations
because the fatty acid, linolenic acid, is an important precursor of JA synthesis 87. Whilst an
isolated and controlled peak assignment that could be unambiguously correlated with
endpoint effect would be the ideal, in the complex cellular environment this is unlikely to be

attainable. In this complex scenario, there will inevitably be a large number of differing peaks
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with some more obvious than others. However, we would argue that these shed new insights

into mechanism and have the potential to be further investigated.

Whilst leaf hormone concentrations appear to be strongly associated with sugar compounds,
in xylem sap samples nucleic acids and bases generally appear to be more relevant indicators
of hormone concentration. ABA, tZ and SA concentrations in xylem sap appear to be
predicted using a possible peak at 1690 cm-!, which is associated with nucleic acids due to
the base carbonyl (C=0) stretching and ring breathing mode . Similar to 1065 cm™!, the
peak at 991 cm! is also associated with C-O stretching of the phosphodiester and the ribose
of bases *. This peak appeared to be important in xylem sap samples for the prediction of
ABA, tZ, SA, and GA1 concentrations. A possible peak at 1713 cm!, associated with the
C=0 of the base thymine *°, was identified as important in prediction of tZ and SA
concentrations in xylem sap samples. Another possible peak at 1690 cm!, linked to nucleic
acids due to the base carbonyl (C=0) stretching and ring breathing mode 3°, appeared to be
useful in prediction of xylem sap concentrations of ABA, tZ and SA. A possible peak at 1574
cm! relating to the C=N of adenine 3°, was identified as important in the prediction of xylem
GA1 concentrations. Finally, a possible peak at 1531 cm-!, associated previously with
modified guanine 3°, was used in the prediction of xylem tZ and SA. Again, these peak

assignments are tentative but lend novel insights into this changing cellular environment.

ATR-FTIR spectral profiles allow prediction of hormone concentrations

The ATR-FTIR spectrum is information rich and provides an integrated holistic picture of the
entire cellular biochemistry 4°. In response to the growth environment, biomolecules
unrelated, related and influenced by hormonal activity will be altered, presumably in a dose-
related fashion. Chemometrics provides a method to extract this chemical information from
spectral absorbances, considering the ratios of different biochemical entities and potentially
allowing us to find the "needle in a haystack" of individual hormones in their natural state.
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PLSR models have previously been applied to the infrared and Raman spectroscopic
absorbances of plant-derived samples to quantify individual components within molecular

mixtures 10:11.88-90

Here we have presented a demonstration of PLSR for the accurate prediction of plant
hormone concentrations from ATR-FTIR spectral profiles. The accuracy of PLSR prediction
of tZ concentrations was higher for xylem sap (Figure 4a, R?>=0.701) compared with leaf
samples (Figure 4c¢, R?>=0.649). To improve the regression, for example, it would be
necessary to narrow down the regression to specicic treatment-hormone models. For
example, to create an ABA specific model, application of a wide range of drought severities
would be ideal, because ABA is the main regulator of the drought stress response 78 and
appears as a key hormone for separation of droughted plants in Figure 3, however this would
not be the optimal calibration dataset for another hormone. The PCA loadings based on
hormonal data alone (Figures 3b and 3d) show that in both leaf and xylem samples, tZ is a
key loading for separation along the axis PC1 in Figures 3a and 3b. Whilst leaf samples in
Figure 3b show a good distribution along PCA1, indicating a variety of leaf tZ levels, xylem
samples Figure 3a show overlapping clusters. This overlap indicates similarity of xylem sap
hormones concentrations across treatment categories, which explains why the xylem sap

models have poorer predictive levels than those based on leaf samples.

This trend was also consistent when models were created by treatment categories, in which
the hormone predictions based on xylem sap samples (Table 1) did not achieve as high a level
of accuracy as those based on freeze-dried ground leaves (Table 2); the high R? values
achieved in Table 2 indicate an excellent level of prediction from leaf samples. This effect
could also be attributed to the fact that these are liquid samples that were injected directly
into the HPLC-MS system without any previous extraction, and the higher variability
between xylem sap samples (Figure S5t). Refinements to the technique used for collecting
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xylem sap °' and concentrating the samples prior to analysis with UHPLC-HRMS could
improve the accuracy of xylem sap hormone quantification. Importantly, Tables 1 and 2 show
that it is possible to identify different hormones at the same time to a high accuracy, as these

models predicted all hormones in a row simultaneously.

Conclusions

In this study we present a method to predict hormone concentrations using ATR-FTIR
spectroscopic measurements and chemometrics, calibrated by UHPLC-HRMS. Once made,
the models generated can be applied to new ATR-FTIR spectral data in the absence of
UHPLC-HRMS data to predict plant hormone concentrations. As plant hormone
concentrations are a key physiological interface for modulation of plant responses in relation
to examined processes, the ability to predict them rapidly and non-destructively from spectral
data makes it a valuable tool for efficient physiological phenotyping. This methodology has
potential for application across a range of species as key plant hormones are conserved >°2.
ATR-FTIR spectroscopy is a rapid and non-destructive tool, which although demonstrated
here using sample preparation, can also be used in planta 8. Consequently, this method could
be used in the field to monitor plant hormones and other key signalling molecules produced
upon the perception of environmental stress. Biomolecular indications of stress can allow for
intervention before the occurrence of phenotypic change, thereby reducing waste, increasing
crop yield, and maintaining quality. As can be seen from the variation in R? values (Tables 1
and 2) however the accuracy of prediction varies between leaf and xylem sap and between
different hormones and environments, suggesting the choice of tissue and growth
environment is important when creating models, and would be improved through calibration

data.
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1 Electronic supplementary information (ESI):

Table S1: Lighting conditions within each Snijder cabinet.
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Figure S1: Spectra from a) ‘Light’ (LC, LD, LN, LLN) b) ‘Shade’ (SC, SD, SN,
SLN) cabinets, providing red: far-red ratios of 5.6 and 0.4 respectively.

Table S2: Reagents used for Hoagland’s solution.

Figure S2: Chromatogram and mass spectra for the hormone salicylic acid

Table S3: Hormone descriptions and molecular ion masses

Figure S3: (a) Raw and (b) pre-processed class means spectra in the fingerprint
region from xylem sap, (¢) Raw and (d) pre-processed (Savitzky—Golay 2"
differentiation, n=9, and vector normalisation) class means spectra in the fingerprint
region from freeze-dried ground leaves.

Table S4: SVM parameters for classification.

Figure S4: Loadings from spectra of a) xylem sap and b) freeze-dried ground leaf
samples

Table S5: PCA-loadings and biomarkers: key wavenumbers and compounds, which
differentiate spectral profiles of plants from different growth conditions for both
xylem sap and freeze-dried ground sample types.

Figure S5: Hormone profiles from xylem sap in ng'ml!' sap for a) l-amino-
cyclopropanecarboxylic acid (ACC), b) trans-Zeatin (tZ), ¢) isopentyl-adenine (iP), d)
salicylic acid (SA), e) abscisic acid (ABA), f) jasmonic acid (JA), g) gibberellin Al
(GA)), gibberellin A4 (GA,), gibberellic acid (GAj3), trans-zeatin riboside (tZR), and
indole-3-acetic acid (IAA).

Figure S6: Hormone profiles from freeze-dried ground leaves ng-g! dry weight for a)
I-amino-cyclopropanecarboxylic acid (ACC), b) trans-Zeatin (tZ), c) isopentyl-
adenine (iP), d) salicylic acid (SA), e) abscisic acid (ABA), f) jasmonic acid (JA), g)
gibberellin A1 (GA;), gibberellin A4 (GA4), gibberellic acid (GAj), trans-zeatin

riboside (tZR), and indole-3-acetic acid (IAA).
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Figure S7: PLS regression graphs for prediction of plant hormones from xylem sap.
Validation was performed by Monte-Carlo cross-validation with 20% of samples left-
out for validation during 1000 iterations. All models were built using 10 latent
variables.

Figure S8: PLSR regression coefficients for prediction of plant hormones from xylem
sap.

Figure S9: PLS regression graphs for prediction of plant hormones from freeze-dried
ground leaves. Validation was performed by Monte-Carlo cross-validation with 20%
of samples left-out for validation during 1000 iterations. All models were built using
10 latent variables.

Figure S10: PLSR regression coefficients for prediction of plant hormones from
freeze-dried ground leaves.

Table S6: Number of latent variables (LVs) used to build the PLSR models between
different types of treatment and hormone levels for xylem sap and freeze-dried ground
(FDG) leaves. Higher number of LVs represents higher model complexity.

Data S1: Hormone concentrations measured by ultra-high-performance liquid
chromatography-high-resolution mass spectrometry and spectral absorbances
measured by attenuated total reflection Fourier-transform infrared spectroscopy for

freeze-dried ground leaf and xylem sap samples.
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Comments to the Author

Having reconsidered the analysis of Figure 4, the text (lines 495- 563) following this statement
"The regression coefficients in Figure 4 aid to identify key spectral wavenumbers used in the
model creation for tZ concentration prediction." is not clearly well supported, and especially
the repeated assignment of precise wavenumber values to features in the spectrum which
appear to be quite noisy.

We have amended the manuscript to clarify this issue (lines 496-578). In addition, we have
modified Figure 4 by marking the main wavenumbers associated with largest weights during
the regression model, which is related with the increase or decrease of the hormone
concentration. Furthermore, the “noisy” aspect is due to the spectral pre-processing — the 2"
derivative. The 2" derivative is the slope of the slope of the absorbance (y) at certain

d*x . . . .
wavenumber (yy): oL which has a “noisy” appearance given the spectral resolution. However,
w

this pre-processing magnifies the differences between the spectra since small differences in the
original absorbance is now much amplified. Since the PLS regression model was built with the
pre-processed data, the regression coefficient will have the same aspect. The PLS regression
coefficients help to identify key spectral markers since those coefficients with larger values
(either positive or negative) have larger weight in the regression. For example, the hormone
concentration prediction (y) of a test sample (x,q,) is given by:

Y = Xtest X b

where p are the regression coefficients. Therefore, those regression coefficients are directly
related to the weight of each wavenumber towards the hormone concentration.

The precise wavenumber values reported in the text are tentative assignments based on the
literature, which match some of the regression coefficients with larger weights for each
hormone and sample type.
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Table S1: Lighting conditions within each Snijder cabinet

Light Quality ‘Light’ Groups: ‘Shade’ Groups:
LC, LD, LN and SC, SD, SN and
LLN SLN
PFD-R700-780 nm) 72.51 49.28
PFD-FR600-700 nm) 12.89 116.5
photosynthetic photon 189.8 124.7
flux density PPFD @o0-
700 nm)

PFD-UV 380-400 nm) 0.5677 0.4402
PFD-B400-500 nm) 33.93 21.58
PFD-G(500-600 nm) 83.40 53.87

peak wavelength Ap / 545 741
nm
peak wavelength value 827.7 576.0
pV/ mWm™*nm'
Irradiance 43.2 45.8
[lluminance/ lux. 15128 9617

Wavelength (nm)

Relative intensity

()

and 0.4 respectively.

S2

B) Shade

0 430 480 530 530 630 630 730 780

Wavelength (nm)

Figure S1: Spectra from a) ‘Light’ b) ‘Shade’ cabinets, providing red: far-red ratios of 5.6
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Table S2: Reagents used for Hoagland’s solution. Full strength Hoagland’s solution was
made using 100 mL of solution A, 100 mL of solution B and 10 mL of solution C in 10 L of
deionised water.

Solution Reagent Concentration/ gL
A (100 mL) NHsNO3 8.000
Ca(NOs)..4H.0 82.600
KNO3 35.700
B (100 mL) KNO3 5.000
KH2PO4 27.400
MgS04.7H20 24.600
*added first
MnS0O4.5H20 0.053
H3BO3 0.140
CuS04.5H20 0.015
(NH4)6M07024.4H>0 0.008
ZnS04.7H20 0.060
C (10 mL) Fe-EDTA 36.71
a) RT: 0.00 - 10.01

100+

Relative Abundance

5
Time (min)

Quan Component's Peak Report

Coraponent Narae: SA

RT:123-$270 BN 10
RT: +23 NL:SDSES
ML=
137 OZ0E- OF 579
=0 F:IMB{1,G -p ESI
il me (50 00-500 00)
NE Ceresk +f

T T T T
as «0 .5 s0
Teme grirg

Figure S2: Total ion current and mass chromatogram (m/z 137.02442) for salicylic acid.
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Table S3: Hormone descriptions and molecular ion masses

Page 52 of 168

Hormone Abbreviation Hormone Molecular formula [M-H]
class
Ethylene ACC 1- C4H7NO2 100.04040
precursor Aminocyclopropane-
1-carboxylic acid
Cytokinins t-Z trans-Zeatin C10H13Ns0 218.10473
t-ZR trans-Zeatin riboside C15H21N50s 350.14699
iP Isopentenyladenine C10H13Ns 202.10982
Gibberellins GA1l Gibberellin A1 C19H2406 347.15001
GA3 Gibberellin A3 C10H2206 345.13436
GA4 Gibberellin A4 C10H240s5 331.15510
Auxins IAA Indole-3-acetic acid C10H9NO? 174.05605
Abscisic acid ABA Abscisic acid C15H2004 263.12888
Salicylates SA Salicylic acid C7HesO3 137.02442
Jasmonates JA Jasmonic acid C12H1803 209.11832
(a) Xylem Sap - Fingerprint Region (b) Xylem Sap - Preproc d i
B 01 Lot Drovght
D 008 o 0.05 Light Nitrogen_
2 Loy
£ 006 £ 005 — Shade Drought
8 8 01 ——Shade Nitrogen
Loos - 0 1'5 —Shade Low Nutrient
0.02 -0.2
1800 1600 1400 1200 1600 1400 1200 1000
(C) Wavenumber (cm'1) (d) Wavenumber (cm'1)
Freeze Dried Ground - Fingerprint Region 0 1F5=reeze Dried Ground - Preprocessed
0.1
© § 0.05
g
‘*5’ § -0.05
é% = -0.1
-0.15

1800

1600 1400 1200
Wavenumber (cm™)

1600 1400

Wavenumber (cm™')

1200 1000
1

Figure S3: (a) Raw and (b) pre-processed class means spectra in the fingerprint region from
xylem sap, (c) Raw and (d) pre-processed (Savitzky—Golay 2" differentiation, n=9, and
vector normalisation) class means spectra in the fingerprint region from freeze-dried ground
leaves. Each class is grouped by treatment; Light Control (LC), Light Drought (LD), Light
Nitrogen (LN), Light Low Nitrogen (LLN), Shade Control (SC), Shade Drought (SD), Shade
Nitrogen (SN) and Shade Low Nitrogen (SLN).
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represents the total mean spectrum, scaled to fit.

These are the key wavenumbers which differentiate spectral profiles of different treatment
groups from one another. The red line represents the PCA loadings and the black-dashed line

Figure S4: Loadings from spectra of a) xylem sap and b) freeze-dried ground leaf samples.
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Table S5: PCA-loadings and biomarkers: key wavenumbers and compounds, which

differentiate ATR-FTIR spectral profiles of plants from different growth conditions for both
xylem sap and freeze-dried ground sample types.

S_?_r;ppele Wavelength / cm Tentative Molecular Assignment Reference
vi symmetric stretching of C=0 in the .
1770.65 carboxylic acid of pectin or ester bond of (NO.Zah'C and
. Amziane, 2012)
triacylglycerol
The N-C=0 group of proteins. Amide I .
1662.64 vibrations, specifically associated with (S]eil\tﬁreettaail.,zlo9193£;,
disordered secondary structures or turns. "
1612.49 Amide | (Jinetal., 2018)
C-N stretching and N-H bending (Amide I1
Xylem 1554.62 vibration); C-O-O~ asymmetric stretching of (Moskal et al., 2019)
sap proteins and glutamate
1516.05 Amide Il vibrations of proteins (Talari et al., 2017)
1346.31 Cellulose (Gorzsas, 2020)
1311.59 Amide 111 vibrations of proteins (Talari et al., 2017)
1176.58 C-O stretch vibration of tannins (Falcaozgrg)A raujo,
g g (Talari et al., 2017; Jin
1053.13 Starch, vC—O and 8C—O of carbohydrates etal., 2018)
. (Camilo L. M. Morais
991.41 C-Orribose etal., 2017)
1743.53 Ester C=0 stretch: triglycerides (Talari et al., 2017)
The N-C=0 group of proteins. Amide | .
1662.52 vibrations, specifically associated with (SBrfiI\];Ereitaa}L]zl()glziy
disordered secondary structures or turns. N
1566.09 N-H bending; C'ONf sg:g:grr:;])g (Amide Ilband | oo et al., 2018)
144 65 Pectin (Sharma and Uttam,
Freeze- 2018)
dried Phosphodiester stretching bands region (for .
ground 1350.08 absorbances due to starch) (Talari etal., 2017)
leaves
(Sharma and Uttam,
1315.36 Cellulose 2018)
C—OH groups of serine, threonine and
1161.06 tyrosine of proteins, C-O stretching and (Talari et al., 2017)
hydrogen bonding
1056.92 Stretching C—O deoxyribose (Talari et al., 2017)
1022.2 Starch (Talari et al., 2017)
979.769 C-OH stretching of secondary alcohols and C- (Ajitha et al., 2015)

O-C vibrations of polysaccharides
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Figure S5: Hormone profiles from xylem sap measured using UHPLC— HRMS in
ng-ml* sap for a) 1-amino-cyclopropanecarboxylic acid (ACC), b) trans-Zeatin (tZ),
c) isopentyl-adenine (iP), d) salicylic acid (SA), e) abscisic acid (ABA), f) jasmonic
acid (JA), g) gibberellin A1 (GA1), gibberellin A4 (GA4), gibberellic acid (GAs), trans-
zeatin riboside (tZR), and indole-3-acetic acid (IAA). ABA concentration was highest
in the drought categories; LD had ~17 ng-ml™* sap of ABA compared with SD which
had ~7 ng-mlt sap, whilst the other categories ranged between ~1 and 3 ng-ml* sap.
Shade plants had lower xylem SA levels than light ones, in the range of 0.7-1.1 ng-ml’
1 sap compared with 1.6-4.5 ng-ml sap respectively. Xylem sap levels of GA; were
approximately three times higher in LD than most other treatment groups, although this
was not significantly different to the other drought category, SD, due to high variation.
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Figure S6: Hormone profiles from freeze-dried ground leaves measured using UHPLC-
HRMS in ng-g* dry weight for a) 1-amino-cyclopropanecarboxylic acid (ACC), b) trans-
Zeatin (t2), c) isopentyl-adenine (iP), d) salicylic acid (SA), e) abscisic acid (ABA), f) jasmonic
acid (JA), g) gibberellin Al (GA.), gibberellin A4 (GA.), gibberellic acid (GAz), trans-zeatin
riboside (tZR), and indole-3-acetic acid (IAA). Leaf ABA levels (Figure S5) were
approximately quadruple in LD than those of the other categories. Plants grown under LC
treatment category registered approximately 4.5-fold higher of leaf tZ than those in SLN. Leaf
JA concentration was significantly higher in the light control group LC (~710 ng-g* dry
weight) compared to all other groups (ranging 170-420 ng-g™* dry weight), except the shade
control group SC (~460 ng-g* dry weight). The highest iP hormone concentration was found
in leaves of category LC, at 0.25 ng-g dry weight. This value was significantly higher
compared to groups LD, LN, SD, SN (ranging 0.03-0.6 ng-g* dry weight), with the other
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50 Figure S7: PLS regression graphs for prediction of plant hormones from xylem sap.
51 Validation was performed by Monte-Carlo cross-validation with 20% of samples left-out for
52 validation during 1000 iterations. All models were built using 10 latent variables.
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Figure S8: PLSR regression coefficients for prediction of plant hormones from xylem sap.
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Figure S9: PLS regression graphs for prediction of plant hormones from freeze-dried ground
leaves. Validation was performed by Monte-Carlo cross-validation with 20% of samples left-
out for validation during 1000 iterations. All models were built using 10 latent variables.

S11



oNOYTULT D WN =

Analyst Page 60 of 168

PLSR regression coefficients of leaf ABA PLSR regression coefficients of leaf tZ
60000 T T T 60000
40000 W 1 40000
20000 1 20000
2 2
c c
@ @
= 0 £ 0
] ]
(=] (=]
[&] [&]
-20000 1 -20000
-40000 X 1 -40000 |
X
-60000 : - . -60000 : : .
1800 1600 1400 1200 1000 1800 1600 1400 1200 1000
Wavenumber (cm™) Wavenumber (cm'')
PLSR regression coefficients of leaf SA PLSR regression coefficients of leaf JA
20000 T T T 150000
X X
X 100000
10000 | 1
a2 £ 50000
c c
o K]
e 0 2
] ©
(=] (=]
[&] &) 0
-10000
-50000
} \N
-20000 - - - -100000 - * - .
1800 1600 1400 1200 1000 1800 1600 1400 1200 1000
Wavenumber (cm™) Wavenumber (cm'')
PLSR regression coefficients of leaf ACC
100000
X
X X
50000 |
[2]
T
2
2 0
©
(=]
[&]
-50000 |
-100000 - * - .
1800 1600 1400 1200 1000

Wavenumber (cm™)

Figure S10: PLSR regression coefficients for prediction of plant hormones from freeze-dried
ground leaves. Main wavenumbers are marked with a red X.
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2 Table S6: Number of latent variables (LVs) used to build the PLSR models between different
23 types of treatment and hormone levels for xylem sap and freeze-dried ground (FDG) leaves.
24 Higher number of LVs represents higher model complexity.
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Table S1: Lighting conditions within each Snijder cabinet

Light Quality ‘Light’ Groups: ‘Shade’ Groups:
LC, LD, LN and SC, SD, SN and
LLN SLN

9 PFD-R 700780 nm) 72.51 49.28

oNOYTULT D WN =

11 PFD—FR(600_700,,m) 12.89 116.5

13 photosynthetic photon 189.8 124.7
14 Slux density PPFD .

16 700 nm)
17 PFD-UV 380400 nm) 0.5677 0.4402

19 PFD—B(400_5()0nm) 3393 21.58

21 PFD-G (500600 um) 83.40 53.87

>4 peak wavelength p / 545 741
25 nm
26 peak wavelength value 827.7 576.0
27 ApV / mWm>nm!
28 Irradiance 43.2 45.8

Hluminance/ lux. 15128 9617

Relative intensity
Relative intensity
'———---
anopogndl

LTI
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N
[e)}
L |
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49 Wavelength (nm) Wavelength (nm)

51 Figure S1: Spectra from a) ‘Light’ b) ‘Shade’ cabinets, providing red: far-red ratios of 5.6
and 0.4 respectively.
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Table S2: Reagents used for Hoagland’s solution. Full strength Hoagland’s solution was
made using 100 mL of solution A, 100 mL of solution B and 10 mL of solution C in 10 L of
deionised water.

Solution Reagent Concentration/ gL
A (100 mL) NH4NO; 8.000
Ca(NO;),.4H,0 82.600
KNO; 35.700
B (100 mL) KNO; 5.000
KH,PO, 27.400
MgS0,.7H,0 24.600
*added first

MnS0O,4.5H,0 0.053

H;BO; 0.140

CuS04.5H,0 0.015

(NH4)6MO7024.4H20 0.008

ZnS0,4.7H,0 0.060

C(10mL) Fe-EDTA 36.71

g) e

100+

90

Relative Abundance
o
=]
L

Time (min)

Quan Component's Peak Report

Cormponent Narae: SA

b)

RT:3123-520 BN 10

RT. +23 NL:SDSES
100+ i

1F 205 O (2579

us Ceresk 41

T T T T
as «o ] s0
Tme (miny

Figure S2: Total ion current and mass chromatogram (m/z 137.02442) for salicylic acid.
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Table S3: Hormone descriptions and molecular ion masses

Hormone Abbreviation Hormone Molecular formula [M-H]-
class
Ethylene ACC 1- C4H/NO, 100.04040
precursor Aminocyclopropane-
1-carboxylic acid
Cytokinins t-Z trans-Zeatin Ci0H3N5O 218.10473
t-ZR trans-Zeatin riboside CsH,N5O5 350.14699
iP Isopentenyladenine CioH3Ns 202.10982
Gibberellins GAl Gibberellin A1 C19H240¢ 347.15001
GA3 Gibberellin A3 C19H2,06 345.13436
GA4 Gibberellin A4 C19H40s5 331.15510
Auxins IAA Indole-3-acetic acid Ci0HoNO, 174.05605
Abscisic acid ABA Abscisic acid Ci5H5004 263.12888
Salicylates SA Salicylic acid C7H4O5 137.02442
Jasmonates JA Jasmonic acid C1,H 305 209.11832
(a) Xylem Sap - Fingerprint Region (b) Xylem Sap - Preproc d AR B
I Nniro
o 015 Light Drought
[} o 0.05 Light Nitrogen
o 08 S —— Light Low Nutrient
© © o ——Shade Control
2 006 £ o005t ——Shade Drought
3 ? 01l ——Shade Nitrogen
2 0.04 2 e ——Shade Low Nutrient
-0.15)
0.02 0.2}
1800 1600 1400 1200 1000 1600 1400 1200 1000
(C) Wavenumber (cm’1) (d) Wavenumber (cm'1)
Freeze Dried Ground - Fingerprint Region 0 1|5=reeze Dried Ground - Preprocessed
0.1F
3
§ % 0.05}
& 2 0f
é; 8A005'
&0
g 2 |
-0.15}

1800

1600

1400 1200
Wavenumber (cm‘1)

1000

1600

1400
Wavenumber (cm™')

1200
1

1000

Figure S3: (a) Raw and (b) pre-processed class means spectra in the fingerprint region from
xylem sap, (¢) Raw and (d) pre-processed (Savitzky—Golay 2™ differentiation, n=9, and
vector normalisation) class means spectra in the fingerprint region from freeze-dried ground
leaves. Each class is grouped by treatment; Light Control (LC), Light Drought (LD), Light
Nitrogen (LN), Light Low Nitrogen (LLN), Shade Control (SC), Shade Drought (SD), Shade
Nitrogen (SN) and Shade Low Nitrogen (SLN).

sS4




Page 66 of 168

Analyst

N’
7]
S
S
~—
15}
5}
>
N
3
SN
mw W mu o)
o
Z2 =
et
m 1)
|
.m =
S |E
o— =
2 |z
<
p—
)
=
S |&
5} < BB
—
[5) m)66
5 |E |2
m I~ on|en
s |0
s
Q.
= S
N
172} S
> = Qs
< N
wn
o
=
: 3
= S
N
SR
s 3
S Qs
Sl S
2SI
S
Q
N
£y
O
— NN <IN OMNOOO — —

Xylem Sap - Loadings

1600

1400 1300 1200 1100 1000

Wavenumber (cm'1)

1500

1700

(@)

16
17
18
19

('ne) uaio1e0n

o
o~

21
22
23
24
25

26
27

28
29
30
31

32
33
34
35

S

Freezedried Ground Leaves - Loading

(b)

0.2f

36
37

015

38
39
40
41

01F

3
©
—
=
2
O -
L=
(]
Q
@]

42

43

44
45

46
47

48
49
50
51

1500 1400 1300 1200 1100 1000
Wavenumber (cm'1)

1600

1700

52
53
54
55

Loadings from spectra of a) xylem sap and b) freeze-dried ground leaf samples.

These are the key wavenumbers which differentiate spectral profiles of different treatment
groups from one another. The red line represents the PCA loadings and the black-dashed line

Figure S4

56
57

58
59
60

represents the total mean spectrum, scaled to fit.

S5



Page 67 of 168

oNOYTULT D WN =

Analyst

Table SS5: PCA-loadings and biomarkers: key wavenumbers and compounds, which
differentiate ATR-FTIR spectral profiles of plants from different growth conditions for both

xylem sap and freeze-dried ground sample types.

S;r;l;):e Wavelength / cm Tentative Molecular Assignment Reference
vi symmetric stretching of C=0 in the .
1770.65 carboxylic acid of pectin or ester bond of (quahlc and
. Amziane, 2012)
triacylglycerol
The N-C=0 group of proteins. Amide I .
1662.64 vibrations, specifically associated with (gggireitail’ ’21091938)’
disordered secondary structures or turns. ”
1612.49 Amide I (Jin et al., 2018)
C-N stretching and N-H bending (Amide II
Xylem 1554.62 vibration); C-O-O~ asymmetric stretching of (Moskal et al., 2019)
sap proteins and glutamate
1516.05 Amide II vibrations of proteins (Talari et al., 2017)
1346.31 Cellulose (Gorzsas, 2020)
1311.59 Amide III vibrations of proteins (Talari et al., 2017)
1176.58 C—O stretch vibration of tannins (Falcaoz':l)ri(;)A rago,
3 3 (Talari et al., 2017; Jin
1053.13 Starch, vC—O and 3C-O of carbohydrates et al., 2018)
A e (Camilo L. M. Morais
991.41 C-O ribose et al., 2017)
1743.53 Ester C=0 stretch: triglycerides (Talari et al., 2017)
The N-C=0 group of proteins. Amide I .
1662.52 vibrations, specifically associated with (183}‘;1\{? ett Cil’ ’21091935;’
disordered secondary structures or turns. etat
1566.09 N-H bending; C'i\]f ifrrs:gﬂ:)g (Amide ITband | po 1o er al, 2018)
1442.65 Pectin (Sharma and Uttam,
Freeze- 2018)
dried Phosphodiester stretching bands region (for .
ground 1350.08 absorbances due to starch) (Talari et al., 2017)
leaves
(Sharma and Uttam,
1315.36 Cellulose 2018)
C—OH groups of serine, threonine and
1161.06 tyrosine of proteins, C-O stretching and (Talari et al., 2017)
hydrogen bonding
1056.92 Stretching C—O deoxyribose (Talari et al., 2017)
1022.2 Starch (Talari et al., 2017)
979 769 C-OH stretching of secondary alcohols and C- (Ajitha et al., 2015)

O-C vibrations of polysaccharides
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Figure S5: Hormone profiles from xylem sap measured using UHPLC— HRMS in
ng-'ml! sap for a) 1-amino-cyclopropanecarboxylic acid (ACC), b) trans-Zeatin (tZ),
c) isopentyl-adenine (iP), d) salicylic acid (SA), e) abscisic acid (ABA), f) jasmonic
acid (JA), g) gibberellin A1 (GA,), gibberellin A4 (GA,), gibberellic acid (GAj3), trans-
zeatin riboside (tZR), and indole-3-acetic acid (IAA). ABA concentration was highest
in the drought categories; LD had ~17 ng-ml'! sap of ABA compared with SD which
had ~7 ng-ml! sap, whilst the other categories ranged between ~1 and 3 ng-ml-! sap.
Shade plants had lower xylem SA levels than light ones, in the range of 0.7-1.1 ng-ml
! sap compared with 1.6-4.5 ng-ml"!' sap respectively. Xylem sap levels of GA; were
approximately three times higher in LD than most other treatment groups, although this
was not significantly different to the other drought category, SD, due to high variation.
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2? Figure S6: Hormone profiles from freeze-dried ground leaves measured using UHPLC—
HRMS in ng-g! dry weight for a) 1-amino-cyclopropanecarboxylic acid (ACC), b) trans-
48 gg dry g ycloprop y
49 Zeatin (tZ), c) isopentyl-adenine (iP), d) salicylic acid (SA), e) abscisic acid (ABA), ) jasmonic
50 acid (JA), g) gibberellin A1 (GA,), gibberellin A4 (GA,), gibberellic acid (GA;), trans-zeatin
51 riboside (tZR), and indole-3-acetic acid (IAA). Leaf ABA levels (Figure S5) were
52 approximately quadruple in LD than those of the other categories. Plants grown under LC
53 treatment category registered approximately 4.5-fold higher of leaf tZ than those in SLN. Leaf
gg’ JA concentration was significantly higher in the light control group LC (~710 ng-g'! dry
56 weight) compared to all other groups (ranging 170-420 ng-g! dry weight), except the shade
57 control group SC (~460 ng-g! dry weight). The highest iP hormone concentration was found
58 in leaves of category LC, at 0.25 ng-g' dry weight. This value was significantly higher
59 compared to groups LD, LN, SD, SN (ranging 0.03-0.6 ng-g'! dry weight), with the other
Y group ging gg  dary g
60 groups falling in between.
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Figure S7: PLS regression graphs for prediction of plant hormones from xylem sap.

Validation was performed by Monte-Carlo cross-validation with 20% of samples left-out for

validation during 1000 iterations. All models were built using 10 latent variables.
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Figure S9: PLS regression graphs for prediction of plant hormones from freeze-dried ground
leaves. Validation was performed by Monte-Carlo cross-validation with 20% of samples left-
out for validation during 1000 iterations. All models were built using 10 latent variables.
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Figure S10: PLSR regression coefficients for prediction of plant hormones from freeze-dried
ground leaves. Main wavenumbers are marked with a red X.
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Xylem Sap Number of LVs tz iP GAl GA3 GAM 1AA ABA JA SA
Light Control 6 8 9 NA 6 6 8 7 7
Light Drought 9 4 10 9 NA NA 10 10 9
Light Nitrogen 6 4 8 5 NA NA 6 5 5
Light Low Nutrient 7 7 9 NA NA NA 9 7 10
Shade Control 7 6 5 5 NA NA 4 4 4
Shade Drought 3 NA 5 7 NA NA 8 7 7
Shade Nitrogen 7 7 7 5 NA 6 7 6 7
Shade Low Nutrient 7 NA 7 NA NA NA 7 6 6
FDG Leaves Number of LVs ACC tz ABA JA SA
Light Control 5 5 7 5 5
Light Drought 7 7 7 6 9
Light Nitrogen 8 8 9 7 7
Light Low Nutrient 5 4 4 5 5
Shade Control 3 5 2 4 4
Shade Drought 5 5 5 5 4
Shade Nitrogen 4 4 4 5 3
Shade Low Nutrient 7 6 6 8 6

Table S6: Number of latent variables (LVs) used to build the PLSR models between different
types of treatment and hormone levels for xylem sap and freeze-dried ground (FDG) leaves.

Higher number of LV represents higher model complexity.
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Spectroscopy-based environmental metabolomics

Abstract

Plant hormones are important in the control of physiological and developmental processes
including seed germination, senescence, flowering, stomatal aperture, and ultimately the
overall growth and yield of plants. Many currently available methods to quantify such growth
regulators quickly and accurately require extensive sample purification using complex
analytic techniques. Herein we used ultra-performance liquid chromatography-high-
resolution mass spectrometry (UHPLC-HRMS) to create and validate the prediction of
hormone concentrations made using attenuated total reflection Fourier-transform infrared
(ATR-FTIR) spectral profiles of both freeze-dried ground leaf tissue and extracted xylem sap
of Japanese knotweed (Reynoutria japonica) plants grown under different environmental
conditions. In addition to these predictions made with partial least squares regression, further
analysis of spectral data was performed using chemometric techniques, including principal
component analysis, linear discriminant analysis, and support vector machines (SVM). Plants
grown in different environments had sufficiently different biochemical profiles, including
plant hormonal compounds, to allow successful differentiation by ATR-FTIR spectroscopy
coupled with SVM. ATR-FTIR spectral biomarkers highlighted a range of biomolecules
responsible for the differing spectral signatures between growth environments, such as
triacylglycerol, proteins and amino acids, tannins, pectin, polysaccharides such as starch and
cellulose, DNA and RNA. Using partial least squares regression, we show the potential for
accurate prediction of plant hormone concentrations from ATR-FTIR spectral profiles,
calibrated with hormonal data quantified by UHPLC-HRMS. The application of ATR-FTIR
spectroscopy and chemometrics offers accurate prediction of hormone concentrations in plant

samples, with advantages over existing approaches.
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Introduction

As sessile organisms, plants rely on signalling molecules such as plant hormones to enable
them to react appropriately to their environment; they contribute to a plastic adaptive
response, regulating plant growth and stress tolerance !, and plants grown under different
environmental conditions show significant differences in hormone profiles 23. Plant
hormones include: ethylene, auxin, gibberellins (GAs), cytokinins (CKs), abscisic acid
(ABA), salicylic acid (SA), strigolactones (SLs), brassinosteroids (BRs) and jasmonic acid
(JA) 3. Plant hormone identification is challenging due to their low concentrations, ranging
stabilities and similar core structures, including isomers with the same MS fragmentation
patterns (e.g. cis- and trans-zeatin, topolin isomers, brassinolide and 24-epibrassinolide [24-
epiBL], and castasterone and 24-epicastasterone; Simura et al., 2018). Current methods for
plant hormone analysis include: gas chromatography-mass spectrometry (GC-MS), capillary
electrophoresis-mass spectroscopy (CE-MS) >, enzyme-linked immune sorbent assay
(ELISA) 6, ultra-performance liquid chromatography-mass spectrometry (UPLC-MS) 7, high
performance liquid chromatography-mass spectrometry (HPLC-MS) #® and liquid
chromatography-ultraviolet detection (LC-UV) °. Liquid chromatography is a versatile
method that allows the separation of compounds of a wide range of polarity, but these
classical chromatographic techniques require destruction of the plant and lengthy sample
preparation. More recently the research focus has shifted towards the development of non-
destructive spectroscopic techniques for plant hormone detection, such as Raman
spectroscopy '%!! and desorption electrospray ionisation mass spectrometry imaging (DESI-

MSI)12.

Plant hormones control a range of complex physiological and developmental processes
including seed germination, senescence, flowering, and stomatal control, and affect overall

plant growth and crop yield '. Antagonistic hormonal crosstalk also regulates numerous
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factors influencing the success of invasive alien species (IAS), for example, the trade-off
between growth and defence '3, adaptive transgenerational plasticity '4, and the biosynthesis
of allelopathic chemicals 5. The importance of hormonal regulation in plant invasions has
been demonstrated in the differential biomass allocation '© and defence responses !7 of
invasive and native plants, and in locally adaptive chromosomal inversion in invasive plants
18 Additionally, many herbicides used for the control of IAS are plant hormone analogues or
interfere with hormonal signalling and synthesis pathways '°. IAS have significant negative
socio-economic 2%2! and environmental 2> impacts and therefore it is critical to gain an
increased understanding of the factors, including the role of plant hormones, that enable the

invasiveness and superior growth performance of these species 2326,

Japanese knotweed (Reynoutria japonica) is an IAS found across a broad geographic range,
colonising diverse habitats including riparian wetlands, urban transport courses, and coastal
areas 2728, It is very tolerant to abiotic stress, occupying extreme environments such as salt
marshes ?° and metal-polluted soil 3%3!. Although its habitats are diverse, Japanese knotweed
exhibits minimal genetic variation in Central Europe 7, Norway 32 and the USA 28, and exists
as a female clone in the United Kingdom from a single introduction 3334, The ecological
adaptability of Japanese knotweed as an invasive weed renders this species an ideal model for
investigating the contribution of plant hormones to IAS invasiveness through a concatenated
approach combining ultra-performance liquid chromatography-high resolution mass
spectrometry (UHPLC-HRMS) and attenuated total reflection Fourier-transform infrared

(ATR-FTIR) spectral data.

In this study we used UHPLC-HRMS to quantitatively measure the concentrations of a set of
plant hormones at nanogram per millilitre concentrations: the active CKs trans-Zeatin (t-Z),
trans-zeatin riboside (tZR) and isopentyl-adenine (iP), the active GAs gibberellin A1 (GA)),

gibberellin A4 (GA,), gibberellin A3 (GA;), the active auxin indole-3-acetic acid (IAA),
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ABA, JA, SA, and the ethylene precursor 1-amino-cyclopropane-1-carboxylic acid (ACC);
and compared these measured concentrations to those predicted from ATR-FTIR spectral
profiles of both xylem sap and freeze-dried ground leaves. ATR-FTIR spectroscopy employs
infrared (IR) light to alter the molecular vibrations of a sample, providing information on the
compounds within. It is a rapid analytical technique well-suited to environmental monitoring
with the advantages of a high degree of specificity and sensitivity, minimal sample
preparation, and portable enough for use in the field. It can be used non-destructively on
whole plant tissues, even in planta 3-%. We used chemometric algorithms to allow further
information to be gained from the absorbance profiles, such as molecular biomarkers
associated with the plants’ environments. Chemometric techniques used included principal
component analysis (PCA), PCA in combination with linear discriminant analysis (LDA),
support vector machines (SVMs), and partial least squares regression (PLSR) 3739, These
highlighted a range of biomolecules responsible for the differing IR spectral signatures
between growth environments, such as triacylglycerol, proteins and amino acids, tannins,
pectin, polysaccharides such as starch and cellulose, deoxyribonucleic acid (DNA) and
ribonucleic acid (RNA) 40, PLSR comparison of the ATR-FTIR spectral data with the
quantitative data from UHPLC— HRMS analysis allowed the effect of each hormone on the
spectral absorbances to be viewed in isolation. Key wavenumbers within the mid-infrared
fingerprint region were identified for prediction of plant hormone concentrations using ATR-
FTIR spectroscopy; predominantly in the region of 1200-1000 cm! for leaf samples and
1600-1500 cm! for xylem sap samples. In leaf samples these often related to polysaccharide
molecules, whilst in xylem compounds these key wavenumbers were more commonly
associated with nucleic acids and bases. Predictive models were built to consider the
concentrations of each hormone in turn and also to detect concentrations of several different

hormones at once.
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Materials and Methods

Plant growth

Japanese knotweed readily reproduces asexually from small fragments of an underground
storage organ called a rhizome, which has a woody root-like structure. Rhizomes were
collected from a site on the River Wyre, Google map reference 53.94977780, -2.75541670,
with landowner permission from Lancashire County Council. Ninety fragments of rhizome
(10-50 g, volume 2-58 cm?®) were planted in fertilized organic loam (John Innes No. 1, J.
Arthur Bowers, UK) in cylindrical pots designed to tightly fit in a Scholander-type pressure
chamber (Soil Moisture Equipment Corp., Santa Barbara, CA, USA) measuring 6.5 cm in
diameter and 23 cm in length with a volume of 763.2 cm?, and featured a stainless-steel mesh
(0.7 mm aperture) at the base to assist drainage. Pots were placed in one of two climate-
controlled cabinets (Microclima 1750, Snijders Scientific BV, Netherlands) at 80% humidity,
16 h of photoperiod, and 19/11°C day/night temperature where the treatments were applied
and plants were grown for a total of fifty days before harvesting. The long photoperiod and
temperature range were selected to simulate an average British Summer in the areas where
Japanese knotweed usually colonises, using a comparison of temperature maps from the Met

Office #' and a distribution map of Japanese knotweed in the British Isles 4.

Treatments

Rhizome fragments were divided into eight treatment groups to give an even split of rhizome
masses in each group. The treatments applied were: Light Control ‘LC’, Light Drought ‘LD’,
Light Nitrogen ‘LN’, Light Low Nutrient ‘LLN’, Shade Control ‘SC’, Shade Drought ‘SD’,
Shade Nitrogen ‘SN’ and Shade Low Nutrient ‘SLN’. Four groups were placed in each of
two growth cabinets. In both cabinets, the light emitted from the two high-pressure sodium
lamps (SON-T 400 W, Philips Lighting, Eindhoven, The Netherlands) was reduced using a

LEE 2009 filter (LEE Filters Worldwide, Andover, Hampshire, UK). In one cabinet, a matrix
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of far-red LEDs (EPILEDS, 740-745 nm) distributed in five rows 30 cm apart was used to
decrease the red: far-red ratio (R:FR) to simulate shading. Wavelengths emitted were
measured using an UPRtek (Taiwan) PGI0ON light spectrometer. The resultant combined
light conditions (see Table S17) resulted in a ‘light’ treatment with a R:FR of 5.6 and a
‘shade’ treatment with a R:FR of 0.4 (see Figure S1{ for the spectral profile). Plants were
shuffled weekly within each cabinet to minimise positional effects from the LED matrix
pattern. The R:FR of natural sunlight during the day is approximately 1.15 43 and the R:FR of
0.4 in the shade treatment was chosen to replicate that found within vegetative canopies such
as sugar beet, deciduous woodland, coniferous woodland and tropical rainforest 43. In both
cases, the photosynthetic photon flux density (PPFD) was between 124.7 and 189.8

umol-m 2:s”! which is typical of growth cabinet studies 4447,

Plants were provided with water (75 mL/pot / 48 h), apart from LD and SD in which water
was withheld for 7 days prior to harvest. Once a week, four groups (LC, LD, SC, SD) were
watered with 75 mL Hoagland solution to provide both nitrogen and micronutrients, see
Table S27 for details. LN and SN were fed with the commonly used agricultural dose of 50
kg ha-! year! 48; this was scaled down for a pot diameter of 6.2 cm and applied across a split-
dose at 21 and 23 days to prevent leaching. Groups LLN and SLN were provided only with

water and received no additional nitrogen or micronutrients.

Harvest

Two leaves were excised from each plant for the analysis 4-8 h into the photoperiod in order
to fall within a stable period of the plants’ circadian rhythm. The youngest leaf from the top
of plants was placed in liquid nitrogen, freeze-dried, and finely ground for hormone analysis
by U-HPLC-HRMS, and the second leaf down was treated similarly for analysis by ATR-
FTIR spectroscopy. Following this, the plant was de-topped and the whole pot inserted into a
Scholander-type pressure chamber (Soil Moisture Equipment Corp., Santa Barbara, CA,

8
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USA) with the stem protruding for xylem sap collection. The pressure was matched to the
flow rate by increasing the pressure gradually above the balance pressure. For each trial
pressure, the flow rate was calculated by weighing the sap collected for twenty seconds, until
the flow rate matched that calculated by mass loss following the method previously described
in #°. This was necessary as it has been shown that ABA concentration are influenced by sap
flow rate 4. Sap was collected in Eppendorf vials, immediately frozen in liquid nitrogen and

stored at —80°C for hormone determination, and ATR-FTIR spectral analysis.

Plant hormones

Plant hormones were quantified from frozen xylem sap and freeze-dried ground leaf material
using UHPLC-HRMS as described previously with some modifications 3%3!. Freeze-dried
ground leaf samples were prepared with several extraction steps and sonication before
analysis, whilst only the filtration and centrifugation steps were necessary for the xylem sap
samples. In the first extraction up to 250 mg of raw material was mixed with methanol (1.25
mL, 80%) and an internal-standards mix composed of deuterium labelled hormones ([*Hs]tZ,
LHTZR, [PHgliP, [PH>]GA,, [PH,]GAs, [PHa]GA4, [PHSJIAA, [PHeJABA, [PHa]SA, [PHelJA,
[’H4JACC, Olchemim Ltd, Olomouc, Czech Republic) at a concentration of 5 pg mL™! in
80% methanol. Samples were vortexed, incubated for 30 min at 4°C, and centrifuged (20000
g, 4°C, 15 min). Supernatants were passed through Chromafix CI18 columns
(MachereyNagel, Diiren/Germany) previously pre-equilibrated with 80% methanol and
filtrates were collected on ice. Extraction was repeated with 1.25 mL 80% methanol; second
extracts were passed through the same columns. The combined extracts were collected and
concentrated to complete dryness using the Integrated SpeedVac® Concentrator System
AES1000 (Savant Instruments Inc., Holbrook/USA). The residues were resolved in 500 or
1000 pL 20% methanol, sonicated for 8 min using a ultrasonic bath, passed through 0.2-pm

syringe filters (Chromafil PES-20/25) and placed in HPLC vials for analysis, and optionally
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stored at —80°C. Phytohormone analyses were performed using a UHPLC-HRMS system
consisting of a Thermo ACCELA pump (Thermo Scientific, Waltham/USA) coupled to a
tempered HTC-PAL autosampler (CTC Analytics, Zwingen/Switzerland), and connected to a
Thermo Exactive Spectrometer (Thermo Scientific) with a heated electrospray ionization
(HESI) interface. Due to the high resolution of the Orbitrap, we recorded the total ion
chromatogram of the samples and did not fragment the molecules. A typical chromatogram
for SA is shown in Figure S27. The analysis was performed in the negative mode [M-H]
(Table S37), and the instrument settings included: sheath gas flow rate = 35 ml-min’!,
auxiliary gas flow rate = 10 ml-min-!, spray voltage = 2.5 kV, capillary temperature = 275°C,
capillary voltage = -40 V, tube lens voltage = -110 V, skimmer voltage = -20 V. Mass spectra
were obtained using the Xcalibur software version 2.2 (ThermoFisher Scientific, Waltham,
MA, USA). For quantification of the plant hormones, calibration curves were constructed for
each analysed component (1, 10, 50, and 100 ug I-'") and corrected for 10 pg I'! deuterated

internal standards. Recovery percentages ranged between 92 and 95%.

ATR-FTIR spectral acquisition

Freeze-dried ground leaves and xylem sap were analysed using a Tensor 27 FTIR
spectrometer with a Helios ATR attachment (Bruker Optics Ltd, Coventry, UK). The
sampling area, defined by the Internal Reflection Element (IRE), which was a diamond
crystal, was 250 pm x 250 pum. Spectral resolution was 8 cm!' with 2 times zero-filling,
giving a data-spacing of 4 cm! over the range 4000 to 400 cm™'; 32 co-additions and a mirror
velocity of 2.2 kHz were used for optimum signal to noise ratio. To minimise bias, ten
spectra were taken for each sample. Each sample was placed on a slide with the side to be
analysed facing upwards, placed on a moving platform, and then raised to ensure a consistent
contact with the diamond crystal. For xylem sap samples, 30 mL of xylem sap was placed on

a tin foil-covered slide and allowed to dry before analysis. For freeze-dried ground leaves a

10
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small amount of powder was transferred to each slide using a spatula. A total of 410 spectra

were taken for xylem sap and 330 spectra were taken of freeze-dried ground leaf tissue.

Data analysis

The ‘mergetool’ function of an in-house developed MATLAB (Mathworks, Natick, USA)
toolbox called IRootLab 3>33 was used to convert all spectral information from OPUS format
to suitable files (.txt). Following this, it was necessary to pre-process the acquired spectra to
improve the signal-to-noise ratio. Pre-processing corrects problems associated with random
or systematic artefacts during spectral acquisition and is an essential step of all spectroscopic
experiments. Pre-processing and computational analysis of the data were performed using a
combination of IRootLab toolbox >3 and the PLS Toolbox version 7.9.3 (Eigenvector
Research, Inc., Manson, USA). The pre-processing steps applied to all spectra were firstly the
selection of the spectral biochemical fingerprint region (1800-900cm™), followed by
Savitzky—Golay (SG) second differentiation (nine smoothing points) and vector
normalisation. All data were mean centred before multivariate analysis, where multiple

dependant variables are observed simultaneously to determine a pattern.

Four machine learning techniques were used in this study: an unsupervised dimensionality
reduction method, two supervised classification methods and one regression. The
unsupervised method principal component analysis (PCA) simplifies complex multivariate
datasets, allowing them to be presented intuitively and enabling pattern recognition. Two
supervised chemometric techniques, principal component analysis with linear discriminant
analysis (PCA-LDA) and support vector machines (SVM), were used for the classification of
groups 3738, PCA-LDA was also used for the determination of biomarkers. Most importantly,
hormone prediction was achieved using a multivariate analysis technique called PLSR of
both ATR-FTIR spectral data and real hormone data as measured by UHPLC-HRMS 3°.

Regression by PLSR was performed with the same pre-processed data without vector

11
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normalization. Multivariate analysis techniques allow multiple variables to be compared at
the same time enabling spectral absorbance values across a range of wavelengths to be
simultaneously correlated against concentrations of multiple hormones for numerous
samples. Observing all these data at once allows patterns to be seen and enables predictions
to be made. To form these models, an X-block of ATR-FTIR spectral absorbance data for
plants was analysed by PLSR against a Y-block of hormone concentrations for the
corresponding plants as measured using UHPLC-HRMS. Environments were analysed
separately, allowing a model to be created for each of them. The PLSR models were
validated by Monte-Carlo cross-validation, where 20% of the spectral data is randomly left-
out for validation and the remaining 80% is used for training the model in an exhaustive
process to ensure model consistency and validation reliability. In this study, Monte-Carlo
cross-validation was performed with 1000 iteration cycles. The number of principal
components for PCA-LDA was set at 10, to ensure more than 95% of the original data
explained variance was contemplated. PLSR models were built varying the number of latent
variables according to the smallest root-mean-squared error (RMSE) of cross-validation.
Once made, these models can be applied to new ATR-FTIR spectral data in the absence of

UHPLC-HRMS data to predict plant hormone concentrations.

Results

ATR-FTIR spectral analysis classifies plants from different environments via spectral
differences

The sensitive nature of IR spectroscopy allowed indications of plant responses to
environment to be observed visually as differences between spectral profiles. The pre-
processed fingerprint spectra exhibit distinguishable differences between spectra of different
treatment groups, for both xylem sap and freeze-dried ground samples, at 950, 1050, 1150,

1250, 1325, 1400, 1525, 1575 and 1610 cm™! (Figure S3bt) and 950, 1050, 1275, 1400, 1525

12
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and 1610 cm! (Figure S3d+), respectively. Three chemometric techniques (PCA, PCA-LDA
and SVM) were used to extract further information from the spectral absorbance profiles of
xylem sap (Figures la-d) and freeze-dried ground leaves (Figures 2a-d). The unsupervised
technique, PCA, showed poor separation between treatment groups in xylem sap samples
(Figure 1la). However, addition of the supervised classifier LDA created biologically
meaningful separation along the linear discriminant 1 (LD1) axis. Xylem sap samples in the
low nutrient categories (LLN and SLN) fall to the right of the other samples with the same
lighting regine (LC, LD, LN and SC, SD and SN respectively) along the LD1 axis (Figure
1b). In leaf samples, the separation along the LD1 axis relates to light regime (Figure 2b),
with ‘light’ to the left and ‘shade’ to the right. For the xylem sap samples, the left-hand side
of the PCA-LDA scatter graph contains both control and drought plant samples (LC and LD)
which were watered with Hoagland solution, the central portion contains clusters of nitrogen
fed and low nutrient shaded plants (SN and SLN), and the right-hand side contains the light
samples of the nitrogen and low nutrient categories (LN and LLN). The pattern observed in
Figure 2a is distinctive due to the homogenisation introduced by the grinding process; PCA
of freeze-dried ground leaves separated spectra from individual samples into clusters. PCA-
LDA of freeze-dried leaf samples (Figure 2b) resulted in a separation along the axis LD1; LD
to the left, LC, LN and LLN in the central portion, and all shaded groups to the right (SC, SD,
SN and SLN). The stronger chemometric technique, SVM, achieved the best classification
results for both sample types. Analysis of spectra from xylem sap samples using SVM
achieved 99.0% accuracy, 98.2% sensitivity, and 99.8% specificity (Figures 1c-d). However,
application of SVM to spectra of freeze-dried ground leaves attained even better separation
with 99.8% accuracy, 99.6% sensitivity and 100.0% specificity (Figures 2c-d). For SVM

model parameters, cost, gamma and number of support vectors, see Table S4+.
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Figure 1: (a) PCA scores plot showing poor separation between classes, (b) PCA-LDA
scatter plot showing some separation by nutrient levels, (¢) SVM sample/measured plot
showing correct classification (Y-axis) of spectra from samples of different treatment
categories (X-axis) and (d) SVM results for ATR-FTIR spectra taken of xylem sap samples
showing excellent classification, grouped by treatments; Light Control (LC), Light Drought
(LD), Light Nitrogen (LN), Light Low Nitrogen (LLN), Shade Control (SC), Shade Drought
(SD), Shade Nitrogen (SN) and Shade Low Nitrogen (SLN).
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SVM
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Shade Nitrogen 98.3 96.7 100
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Figure 2: (a) PCA scores plot in which each cluster is formed from separate samples due to
the homogenisation introduced by the grinding process, (b) PCA-LDA scatter plot showing
some separation by light levels, (¢) SVM sample/measured plot showing correct classification
(Y-axis) of spectra from samples of different treatment categories (X-axis) and (d) SVM
results for ATR-FTIR spectra taken of freeze-dried ground leaves samples showing excellent
classification, grouped by treatments; Light Control (LC), Light Drought (LD), Light
Nitrogen (LN), Light Low Nitrogen (LLN), Shade Control (SC), Shade Drought (SD), Shade
Nitrogen (SN) and Shade Low Nitrogen (SLN).

ATR-FTIR spectral analysis identifies biomolecular differences between treatments

ATR-FTIR spectroscopy can detect changes in concentration or molecular structure of
compounds. Significant biomolecular differences can be deciphered by examination of the
key wavenumbers, which differentiate spectral profiles of different treatment groups from
one another. These wavenumbers are called loadings (Figure S471) and their tentative
molecular assignments have been found through examination of the literature for both xylem
sap and leaf sample types for biomarker information and references (see Table S5t). The
peaks which differentiate treatment groups in xylem sap samples were related to a range of
biomolecules such as triacylglycerol, proteins, glutamate, cellulose, tannins, starch, and RNA
462 For freeze-dried ground leaves, the differences were found in much the same
compounds: triacylglycerol, proteins and amino acids, pectin, polysaccharides such as starch

and cellulose, and DNA 53:56:39.63-65,

UHPLC— HRMS hormone analysis indicates that hormone concentrations are impacted by
applied treatments

Plants respond to their environment via signalling molecules such as hormones, to enable a
plastic response. This is reflected in the concentrations of plant hormones measured by
UHPLC-HRMS (ACC, tZ, iP, SA, ABA, JA, GA,, GA4, GA;, tZR, and IAA) which were
different between plants belonging to different treatment groups (see Figure 3a and c; Figures
S51 and S67). Figure 3a shows separation of LD and SD plants along PC1 based on xylem

sap hormone concentrations accounting for 65.07% of the variance. This is primarily due to
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increased ABA and tZ (see Figure 3b, PC1 loadings in blue). The separation along PC2 for
xylem sap samples is due to the antagonistic relationship between JA and ABA (Figure 3b,
PC2 loadings in green), which is variable within treatment categories (Figure 3a). Figure 3c
also shows a separation along PCl of droughted samples based on the hormone
concentrations of freeze-dried ground leaves, accounting for 46.32% of the sample variance.
High leaf ABA and low leaf ACC, JA and tZ concentrations were primary responsible for
separation along axis PC1 (Figure 3d, PCI loadings in blue). The PC2 axis of Figure 3c
shows some separation by lighting treatment, however this separation was of lesser
importance and only explained 38.23% of the variance. The green line in Figure 3d indicates
that ABA, JA, tZ, and SA were all higher in LC and LD samples to create this separation
along axis PC2, whilst ACC was lower. JA concentrations in plants with a low red: far-red

ratio were lower.
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a) PCA scores plot of xylem sap hormones b) Loadings for xylem sap hormones
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Figure 3: UHPLC-HRMS measurements of plant hormone concentrations analysed by PCA:

a) xylem sap PCA scores showing separation of droughted plants along the PCI1 axis, b)

xylem sap loadings highlighting the importance of ABA in droughted samples, c) freeze-

dried ground leaf scores showing separation by drought along PC1 and red: far red ratio

along PC2, d) freeze-dried ground leaf loadings indicating that droughted plants exhibited

high ABA and low ACC, JA and tZ concentrations whilst plants with a high red: far-red ratio
had high ABA, JA, tZ, and SA but low ACC concentrations.

In xylem sap samples (Figure S51), ABA concentration was highest in the drought
categories; LD and SD, at ~17 and ~7 ng'ml! of sap ABA respectively, whilst the other
categories ranged between ~1 and 3 ng-ml! sap. Leaf ABA concentrations (Figure S61) were
approximately quadruple in LD than those of the other categories. Shade plants had notably
lower xylem SA concentrations, in the range of 0.7-1.1 ng-ml! sap compared with 1.6-4.5

ng-ml-! sap for ‘light’ plants. Leaf tZ was 4.5-fold higher in LC plants than in those of SLN.
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Leaf JA concentration was significantly higher in the light control group LC (~710 ng-g’! dry
weight) compared to all other groups (ranging 170-420 ng-g'! dry weight), except the shade
control group SC (~460 ng-g-! dry weight). LC had the highest iP concentrations at 0.25 ng-g
I dry weight, significantly higher compared to groups LD, LN, SD, SN (ranging 0.03-0.6

ng-g-! dry weight), with the other groups falling in between.

Combined ATR-FTIR UHPLC-HRMS analysis identifies key spectral wavenumber for
hormone prediction via ATR-FTIR spectroscopy

Whilst the plant hormone concentrations quantified by using UHPLC-HRMS served to
confirm that the applied treatments were effective at inducing a phenotypic response,
importantly the UHPLC-HRMS data enabled the generation of predictive models for
hormone concentrations using ATR-FTIR spectral data by means of a multivariate analysis
technique called partial least squares regression. PLSR allows simultaneous comparison of
multivariate datasets, in this case, the spectral absorbance values for either freeze-dried
ground leaf tissue or from xylem sap compared with the plant hormone values obtained by
HPLC-HRMS. Using PLSR, the extracted plant hormone concentrations measured by
UHPLC-HRMS were accurately predicted from ATR-FTIR spectral profiles of the same

sample material.
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Figure 4: PLS regression and regression coefficients of frans-Zeatin concentrations as
measured using UHPLC-HRMS against predicted values using ATR-FTIR spectra of a)
xylem sap (ng mL-"), and ¢) freeze-dried ground leaves (in ng-g'! dry weight) grown under all
treatment conditions. In panels a) and c), the black line shows the ideal prediction gradient of
one, which would be 100% accurate. The black and red scatters points represent the
calibration and validation samples during the Monte-Carlo cross-validation with 1000
iterations. The R?, root mean square error (RMSE) and bias are reported for the validation
samples of xylem sap (a) and freeze-dried ground leaves (c). These models were created
using spectral data from all treatment categories for individual hormones. The model in
panels a) and c¢) were constructed using 10 latent variables. Panels b) and d) show the
regression coefficients which indicates some of the most important wavenumbers (marked
with a red X) involved in making this prediction for xylem sap and freeze-dried leaves,
respectively.

The graphs in Figure 4 show the PLS regressions and regression coefficients of tZ hormone
concentrations as measured using UHPLC-HRMS against predicted concentrations using
ATR-FTIR spectra of either xylem sap or freeze-dried ground leaves from all treatment
categories as an example of the predictive models generated using this approach (see Figure

S71 and S9t for of the predictive models for the other hormones). For the regressions in
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Figure 4a and Figure 4c, the black lines show the ideal prediction gradient of one, which
would be 100% accurate. Leaf samples achieved a more accurate prediction of R?s= 0.649
([*Hs]tZ) to 0.848 ([*Hg]ABA) compared with 0.529 ([?H4]SA) to 0.820 ([?H,]GA,) for
xylem sap samples (see Figures S7 and S971). The PLSR models in Figures 4, S7f and S97
use hormonal data measured by UHPLC-HRMS to train them on the correlation between
different hormone concentrations and the corresponding differences in ATR-FTIR spectral
profiles. For each hormone, and each sample type, different spectral wavenumbers are
important in making this prediction. These key wavenumbers can be identified by the PLS
regression coefficients, which are presented in Figures S8+ and S107 for each hormone and
sample type. The regression coefficients with higher weights (either positive or negative)
represent key wavenumbers, since they are more correlated with the increase or decrease of
hormone concentration. These were detected mostly in the regions around 1000, 1400-1600
and 1750 cm™! (ABA); 1000-1100 and 1600-1650 cm! (tZ); 1000-1100, 1300 and 1500-1700
cm! (SA); 1000-1100 cm! (JA); 1000-1000 cm! and 1600-1800 cm-! (ACC) for prediction
of leaf hormone concentration; and, around 1000-1100 and 1500-1800 cm™' (ABA); 1400,
1600-1800 cm™ (tZ); 1300-1450 and 1700-1800 cm-!' (SA); 1100, 1400 and 1600-1700 cm™!

(JA); 1000-1200 and 1700-1800 cm™!' (GA1) for xylem sap hormone concentration.

Combined ATR-FTIR UHPLC-HRMS analysis gives a high correlation between predicted
and measured hormone concentrations

Analysis of data from each treatment separately allowed the generation of treatment-specific
models. Table 1 shows the validation R?> and root mean square error (RMSE) values for
predicted against measured hormone concentrations from xylem sap, with each row being a
separate treatment. The R? values for the predictions from xylem sap samples ranged between
0.831 (iP for light control) to 0.940 (GA1 for light nitrogen), and the RMSE values ranged

from 0.0004 ng/mL sap (GA4 for light control) to 2.655 ng/mL sap (ABA for light drought)
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(Table 1). Likewise, the validation R> and RMSE values for predicted against measured
hormone concentrations from freeze-dried ground leaves are shown in Table 2. The R? values
varied between 0.811 (ABA for shade control) to 0.957 (JA for shade low nutrient), and the
RMSE values ranged from 1.692 ng/g dry weight (ABA for shade nitrogen) to 60.244 ng/g
dry weight (JA for light control) (Table 2). In xylem sap samples, light nitrogen achieved the
best correlations for hormones iP (R? = 0.934), GA1 (R? = 0.940) and GA3 (R? = 0.889);
shade low nutrient for hormones ABA (R? = 0.933) and JA (R? = 0.935); light drought for
hormone tZ (R? = 0.904); shade nitrogen for hormone IAA (R? = 0.892); shade drought for
hormone SA (R? = 0.926); and, light control for GA1 (R? = 0.924), being the only treatment
associated with GA1 hormone. In freeze-dried ground leaves, the best correlations were:
shade low nutrient for hormones ACC (R? = 0.948) and JA (R? = 0.957); shade drought for
hormone tZ (R? = 0.932); shade nitrogen for hormone ABA (R? = 0.950); and, light drought
for hormone SA (R? = 0.952). These models therefore provide a valuable resource that can be
saved and applied to new spectral data obtained from plants grown under similar conditions
thereby allowing the hormone concentrations to be accurately predicted without the

requirement for exhaustive UHPLC— HRMS analysis.

Table 1: R? and root-mean square error (RMSE) values for predicted against measured
hormone concentrations from partial least squares regression for xylem sap ATR-FTIR
spectral data against UHPLC-HRMS-measured hormone concentrations. Hormones with zero
values for multiple plants were excluded from the model and are designated as NA. The
treatments with best R? results for each hormone are shaded in gray. The number of latent
variables to construct the PLSR regression models are shown in Table S6+.

Page 96 of 168

Xylem Sap RMSE
(ng/mL sap) tz iP GAl GA3 GA4 TAA ABA JA

SA

Light Control 0.294 0347 0.042 NA 0.0004 0.006 0.190 0589 0.
Light Drought 0.741 0.008 0.116 0.034 NA NA 2.655 2570 0.
Light Nitrogen 0.384 0.001 0.001 0.010 NA NA 0326 0.817 0.
Light Low Nutrient ~ 0.205  0.002  0.001 NA NA NA 0.189  0.708 0.
Shade Control 0.031 0.060 0.014 0.006 NA NA 0295 0.671 0.
Shade Drought 0318 NA 0.044  0.009 NA NA 0939 0870 0.
Shade Nitrogen 0.051 0.002 0.008 0.001 NA 0.007 0.084 0.534 0.
Shade Low Nutrient 0.088  NA 0.020 NA NA NA 0.112  0.143 0.

323
482
737
222
138
043
086
086

Xylem Sap R? tz iP GAl GA3 GA4 IAA  ABA JA

SA
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Light Control
Light Drought
Light Nitrogen
Light Low Nutrient
Shade Control
Shade Drought
Shade Nitrogen
Shade Low Nutrient

0.876
0.904
0.891
0.872
0.896
0.886
0.900
0.903

0.831
0.887
0.934
0.881
0.891
NA
0.902
NA

0.881
0.914
0.940
0.888
0.918
0.889
0.876
0.910

NA
0.862
0.889

NA
0.880
0.884
0.884

NA

0.924
NA
NA
NA
NA
NA
NA
NA

0.865
NA
NA
NA
NA
NA

0.892
NA

0.856
0.894
0.902
0.865
0.881
0.914
0.862
0.933

0.905
0.897
0.886
0.875
0.884
0.932
0.928
0.935

0.888
0.863
0.884
0.907
0.902
0.926
0.867
0.882

Table 2: R? and root-mean square error (RMSE) values for predicted against measured
hormone concentrations from partial least squares regression for freeze-dried ground (FDG)
leaves ATR-FTIR spectral data against UHPLC-HRMS-measured hormone concentrations.
The treatments with best R? results for each hormone are shaded in gray. The number of

latent variables to construct the PLSR regression models are shown in Table S67.

FDG Leaves RMSE
(ng/g dry weight) ACC tz ABA JA SA
Light Control 52465 18.024 6.864 60.244 11.221
Light Drought 10.090 12.066 24915 19.672 11.330
Light Nitrogen 27.340 11.509 6.686 19.963  5.345
Light Low Nutrient ~ 25.134  7.362  6.981 11.333 2,982
Shade Control 7.344 17.257 6.601 29.534 4.753
Shade Drought 14.084 9.137 5.466 9.035 4.121
Shade Nitrogen 32.843 9.663 1.692 5.879 2.691
Shade Low Nutrient =~ 3.852  10.446 2.218 7.824 3.650
FDG Leaves R? ACC tz ABA JA SA
Light Control 0.904 0.873 0916 0.901 0.900
Light Drought 0.883 0.909 0914 0.894 0.952
Light Nitrogen 0.909 0.902 0.902 0.925 0.926
Light Low Nutrient 0.921 0.906 0.887 0.953 0.909
Shade Control 0.840 0.829  0.811  0.855 0.860
Shade Drought 0.876 0.932 0.925 0917 0.942
Shade Nitrogen 0.892 0.863  0.950 0.954 0.907
Shade Low Nutrient ~ 0.948 0.900 0.933  0.957 0.918

Discussion

Differences in ATR-FTIR spectral profiles are highlighted through chemometrics

Japanese knotweed and other invasive species with low genetic variation exhibit a plastic

response to their environment which is thought to contribute to their invasion success 236667,

This phenotypic plasticity was reflected in the present study in the differences found between

spectral profiles between treatment groups. This is consistent with the results of studies in
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which ATR-FTIR spectroscopy has been successful in differentiating plants’ nutrient status
and plants from different growing environments 7!, The environmentally induced
phenotypic changes were successfully captured by the ATR-FTIR spectral profiles, which
were visibly different (see Figure S3t). Figures 1 and 2 demonstrate the power of
chemometrics to emphasise these differences. SVM was the most successful technique
applied and had marginally more success in the freeze-dried ground samples, likely due to the
homogenisation of the samples during the grinding process leading to more predictable
results. The higher separation of spectra from freeze-dried ground leaves (Figure 2a) by PCA
than that of xylem sap spectra (Figure 1a) could be due to the averaging effect of leaf growth
over time, adapted to each environment, compared with the nature of the xylem-sap samples
which capture a moment in time and could be influenced by compounds related to
development stage. Leaf samples reflect a balance between synthesis and metabolism and the
import and export of compounds, whilst xylem sap samples reflect instantaneous transport.
The sample type more closely correlated to the physiological response therefore depends on

the analyte of interest.

Hormone profiles reflect plant response to environment

It is well established that plant stresses such as drought, nutrient deficiency and shading can
have a marked impact on the concentrations of plant hormones !*. Our measurement of plant
hormones with the highly specific technique, UHPLC-HRMS, from xylem sap (Figure S5t)
and leaves (Figure S67) are consistent with this. The applied treatments (LC, LD, LN, LLN,
SC, SD, SN and SLN) were sufficiently different to alter the hormone profiles in the plants,
reflecting adaptations to each environment 72, Importantly, such a range of hormone

concentrations was essential prerequisite to create good datasets for regression analysis.
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Hormonal biomarkers identified for mid-infrared spectroscopy

The process from chemometric biomarker identification to physical biomolecular extraction
is a developing area of spectroscopy with ongoing research to optimise concentration
quantification 7374, molecular definition databases *° and new applications 33-36:6%7L75 [t was
therefore crucial that predictions for expected hormone profiles from spectroscopic data were
made and verified against actual hormone concentrations quantified by mass spectrometry.
PLSR comparison of the ATR-FTIR spectral data with the quantitative data from UHPLC—
HRMS analysis allowed the effect of each hormone on the spectral absorbances to be viewed
in isolation. The regression coefficients in Figure 4 aid to point to key spectral wavenumbers
used in the model creation for tZ concentration prediction. These suggest that the most
important regions for prediction of hormone concentrations using ATR-FTIR spectral profiles
are around 1000-1100 and 1620 cm! for leaf samples; and, around 1400-1450, 1580 and

1650-1780 cm! for xylem sap samples.

Three tentative wavenumbers used to predict ABA hormone concentration in leaf samples,
1612, 1566 and 1323 cm™! are often attributed to the Amide I °7, Amide II bands of proteins
(N-H bending and C-N stretching) % and Amide III, respectively 2. As ABA does not
contain nitrogen within its structure this suggests that ABA-associated biochemical changes
in other compounds within the leaves could be acting as proxy indicators for the estimation of
ABA concentration. Similarly, 1516 cm! is also tentatively associated with Amide II
vibrations of proteins and appears to be one of the key indicators for prediction of tZ, JA and
SA concentrations in leaves 3. The Amide IlI-associated %2 peak identified at 1323 cm™! was
also used to tentatively predict leaf SA concentrations. Two phosphorus-associated peaks that
were suggested were used for the prediction of leaf ABA concentration: 1211 ¢m-!, which is
tentatively associated with PO?~ asymmetric stretching (Phosphate I); and, 1065 cm™! linked

to C-O stretching of the phosphodiester and the ribose of bases . As ABA also does not
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contain phosphorus, this supports the hypothesis that compounds other than ABA contribute
to a ‘spectral signature’ for ABA-associated biochemical changes and suggest the use of
associated compounds as a proxy, would be useful to gain an overall picture of plant health in

agricultural and ecological settings.

In contrast, leaf SA concentrations were predicted using two peaks which could be tentatively
associated with the structure of SA: 1582 cm!, which is linked to the ring C—C stretch of
phenyl; and, 1339 cm™! is associated with in-plane C—O stretching vibration combined with
the ring stretch of phenyl *. As a consequence, 1339 cm™! was used for prediction of leaf
ABA and SA, as well as xylem ABA, tZ and SA. Other tentative wavenumbers relating to
Amides I and II (1663, 1547, 1570, 1555 cm'!) also appeared important for the prediction of

hormone concentrations 55:56:59:76_

When plants are under stress, signalling cascades including hormones and reactive oxygen
species (ROS) induce biochemical changes 7. As an important regulator in response to
drought-induced stress, ABA induces ROS accumulation to facilitate stomatal closure 73,
whilst SA, which is part of the innate immune response 7°, ameliorates oxidative damage
through regulation of redox signalling and the antioxidant defence system 3. To prevent
oxidative damage, excess ROS may be absorbed and quenched by phenolic compounds,
which have antioxidant properties 8!. This coordinated biochemical response perhaps explains
why the possible biomarker at 1512 cm-!, which is tentatively associated with v(C-C)
aromatic (conjugated with C=C phenolic compounds 82 appears to allow the prediction of
xylem sap ABA and SA concentrations. Another peak 1177 cm’!, could be associated with
the C-O stretch vibration of tannins ¢!, and is possibly a predictor of xylem JA

concentrations.
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Polysaccharides are another class of compounds commonly used for the prediction of
hormone concentrations, particularly within leaf samples. The peak at 1038 cm'! is tentatively
associated with the polysaccharide galactan #3; this appears to be important in the prediction
of leaf SA concentrations. Leaf tZ and leaf JA concentrations appear to be predicted using a
peak at 1130 cm!, which has previously been tentatively attributed to the stretching
vibrations [v(CO)] of the COC glycosidic linkage of polysaccharides 34. Pectin is potentially
associated with a peak at 1443 cm! %4; this was hypothesised as useful in the prediction of
leaf tZ, SA, JA and ACC concentrations. In addition, a possible peak at 972 cm™! (specifically
from the OCHj3 group of polysaccharides such as pectin) 3° has potential to be used in the
prediction of leaf ABA, tZ, JA and ACC . This association with leaf JA could be linked to
jasmonate-mediated accumulation of leaf-soluble sugars in response to far-red light 8. A
potential peak at 1636 cm™! can be tentatively linked to C=O stretching of carbonyl group,
typical of saccharide absorption ; this appears to be important in prediction of xylem JA and
leaf SA concentrations. Leaf ABA levels appeared to be predicted using a peak at 1049 cm™!,
which is associated with cellulose %. A potential peak biomarker at 1732 c¢cm’! has been
associated with both hemicellulose 33; this appeared to be a predictor of leaf ABA
concentrations. As a key hormone in the drought-induced response, it is perhaps unsurprising
that ABA might be estimated using hemicellulose because the leaves of drought-treated
plants are known to exhibit a higher content of hemicellulosic polysaccharides 8¢. A potential
peak biomarker at 1732 cm! has also been associated with lipid fatty acid esters #3, which is
the more probable molecular assignment in its use for estimation of xylem JA concentrations
because the fatty acid, linolenic acid, is an important precursor of JA synthesis 87. Whilst an
isolated and controlled peak assignment that could be unambiguously correlated with
endpoint effect would be the ideal, in the complex cellular environment this is unlikely to be

attainable. In this complex scenario, there will inevitably be a large number of differing peaks
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with some more obvious than others. However, we would argue that these shed new insights

into mechanism and have the potential to be further investigated.

Whilst leaf hormone concentrations appear to be strongly associated with sugar compounds,
in xylem sap samples nucleic acids and bases generally appear to be more relevant indicators
of hormone concentration. ABA, tZ and SA concentrations in xylem sap appear to be
predicted using a possible peak at 1690 cm-!, which is associated with nucleic acids due to
the base carbonyl (C=0) stretching and ring breathing mode °. Similar to 1065 cm’!, the
peak at 991 cm™! is also associated with C-O stretching of the phosphodiester and the ribose
of bases *. This peak appeared to be important in xylem sap samples for the prediction of
ABA, tZ, SA, and GA1 concentrations. A possible peak at 1713 cm!, associated with the
C=0 of the base thymine *°, was identified as important in prediction of tZ and SA
concentrations in xylem sap samples. Another possible peak at 1690 cm’!, linked to nucleic
acids due to the base carbonyl (C=0) stretching and ring breathing mode 3°, appeared to be
useful in prediction of xylem sap concentrations of ABA, tZ and SA. A possible peak at 1574
cm! relating to the C=N of adenine 3°, was identified as important in the prediction of xylem
GALl concentrations. Finally, a possible peak at 1531 cm!, associated previously with
modified guanine 3°, was used in the prediction of xylem tZ and SA. Again, these peak

assignments are tentative but lend novel insights into this changing cellular environment.

ATR-FTIR spectral profiles allow prediction of hormone concentrations

The ATR-FTIR spectrum is information rich and provides an integrated holistic picture of the
entire cellular biochemistry 4°. In response to the growth environment, biomolecules
unrelated, related and influenced by hormonal activity will be altered, presumably in a dose-
related fashion. Chemometrics provides a method to extract this chemical information from
spectral absorbances, considering the ratios of different biochemical entities and potentially
allowing us to find the "needle in a haystack" of individual hormones in their natural state.
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PLSR models have previously been applied to the infrared and Raman spectroscopic
absorbances of plant-derived samples to quantify individual components within molecular

mixtures 10:11.88-90

Here we have presented a demonstration of PLSR for the accurate prediction of plant
hormone concentrations from ATR-FTIR spectral profiles. The accuracy of PLSR prediction
of tZ concentrations was higher for xylem sap (Figure 4a, R?>=0.701) compared with leaf
samples (Figure 4c¢, R?>=0.649). To improve the regression, for example, it would be
necessary to narrow down the regression to specicic treatment-hormone models. For
example, to create an ABA specific model, application of a wide range of drought severities
would be ideal, because ABA is the main regulator of the drought stress response 78 and
appears as a key hormone for separation of droughted plants in Figure 3, however this would
not be the optimal calibration dataset for another hormone. The PCA loadings based on
hormonal data alone (Figures 3b and 3d) show that in both leaf and xylem samples, tZ is a
key loading for separation along the axis PC1 in Figures 3a and 3b. Whilst leaf samples in
Figure 3b show a good distribution along PCA1, indicating a variety of leaf tZ levels, xylem
samples Figure 3a show overlapping clusters. This overlap indicates similarity of xylem sap
hormones concentrations across treatment categories, which explains why the xylem sap

models have poorer predictive levels than those based on leaf samples.

This trend was also consistent when models were created by treatment categories, in which
the hormone predictions based on xylem sap samples (Table 1) did not achieve as high a level
of accuracy as those based on freeze-dried ground leaves (Table 2); the high R? values
achieved in Table 2 indicate an excellent level of prediction from leaf samples. This effect
could also be attributed to the fact that these are liquid samples that were injected directly
into the HPLC-MS system without any previous extraction, and the higher variability
between xylem sap samples (Figure S5t). Refinements to the technique used for collecting
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xylem sap °' and concentrating the samples prior to analysis with UHPLC-HRMS could
improve the accuracy of xylem sap hormone quantification. Importantly, Tables 1 and 2 show
that it is possible to identify different hormones at the same time to a high accuracy, as these

models predicted all hormones in a row simultaneously.

Conclusions

In this study we present a method to predict hormone concentrations using ATR-FTIR
spectroscopic measurements and chemometrics, calibrated by UHPLC-HRMS. Once made,
the models generated can be applied to new ATR-FTIR spectral data in the absence of
UHPLC-HRMS data to predict plant hormone concentrations. As plant hormone
concentrations are a key physiological interface for modulation of plant responses in relation
to examined processes, the ability to predict them rapidly and non-destructively from spectral
data makes it a valuable tool for efficient physiological phenotyping. This methodology has
potential for application across a range of species as key plant hormones are conserved >°2.
ATR-FTIR spectroscopy is a rapid and non-destructive tool, which although demonstrated
here using sample preparation, can also be used in planta 8. Consequently, this method could
be used in the field to monitor plant hormones and other key signalling molecules produced
upon the perception of environmental stress. Biomolecular indications of stress can allow for
intervention before the occurrence of phenotypic change, thereby reducing waste, increasing
crop yield, and maintaining quality. As can be seen from the variation in R? values (Tables 1
and 2) however the accuracy of prediction varies between leaf and xylem sap and between
different hormones and environments, suggesting the choice of tissue and growth
environment is important when creating models, and would be improved through calibration

data.
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1 Electronic supplementary information (ESI):

Table S1: Lighting conditions within each Snijder cabinet.
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Figure S1: Spectra from a) ‘Light’ (LC, LD, LN, LLN) b) ‘Shade’ (SC, SD, SN,
SLN) cabinets, providing red: far-red ratios of 5.6 and 0.4 respectively.

Table S2: Reagents used for Hoagland’s solution.

Figure S2: Chromatogram and mass spectra for the hormone salicylic acid

Table S3: Hormone descriptions and molecular ion masses

Figure S3: (a) Raw and (b) pre-processed class means spectra in the fingerprint
region from xylem sap, (¢) Raw and (d) pre-processed (Savitzky—Golay 2"
differentiation, n=9, and vector normalisation) class means spectra in the fingerprint
region from freeze-dried ground leaves.

Table S4: SVM parameters for classification.

Figure S4: Loadings from spectra of a) xylem sap and b) freeze-dried ground leaf
samples

Table S5: PCA-loadings and biomarkers: key wavenumbers and compounds, which
differentiate spectral profiles of plants from different growth conditions for both
xylem sap and freeze-dried ground sample types.

Figure S5: Hormone profiles from xylem sap in ng'ml!' sap for a) l-amino-
cyclopropanecarboxylic acid (ACC), b) trans-Zeatin (tZ), ¢) isopentyl-adenine (iP), d)
salicylic acid (SA), e) abscisic acid (ABA), f) jasmonic acid (JA), g) gibberellin Al
(GA)), gibberellin A4 (GA,), gibberellic acid (GAj3), trans-zeatin riboside (tZR), and
indole-3-acetic acid (IAA).

Figure S6: Hormone profiles from freeze-dried ground leaves ng-g! dry weight for a)
I-amino-cyclopropanecarboxylic acid (ACC), b) trans-Zeatin (tZ), c) isopentyl-
adenine (iP), d) salicylic acid (SA), e) abscisic acid (ABA), f) jasmonic acid (JA), g)
gibberellin A1 (GA;), gibberellin A4 (GA4), gibberellic acid (GAj), trans-zeatin

riboside (tZR), and indole-3-acetic acid (IAA).
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Figure S7: PLS regression graphs for prediction of plant hormones from xylem sap.
Validation was performed by Monte-Carlo cross-validation with 20% of samples left-
out for validation during 1000 iterations. All models were built using 10 latent
variables.

Figure S8: PLSR regression coefficients for prediction of plant hormones from xylem
sap.

Figure S9: PLS regression graphs for prediction of plant hormones from freeze-dried
ground leaves. Validation was performed by Monte-Carlo cross-validation with 20%
of samples left-out for validation during 1000 iterations. All models were built using
10 latent variables.

Figure S10: PLSR regression coefficients for prediction of plant hormones from
freeze-dried ground leaves.

Table S6: Number of latent variables (LVs) used to build the PLSR models between
different types of treatment and hormone levels for xylem sap and freeze-dried ground
(FDG) leaves. Higher number of LVs represents higher model complexity.

Data S1: Hormone concentrations measured by ultra-high-performance liquid
chromatography-high-resolution mass spectrometry and spectral absorbances
measured by attenuated total reflection Fourier-transform infrared spectroscopy for

freeze-dried ground leaf and xylem sap samples.
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Figure 4: PLS regression and regression coefficients of trans-Zeatin concentrations as measured using
UHPLC-HRMS against predicted values using ATR-FTIR spectra of a) xylem sap (ng mL-1), and c) freeze-
dried ground leaves (in ng-g-1 dry weight) grown under all treatment conditions. In panels a) and c), the
black line shows the ideal prediction gradient of one, which would be 100% accurate. The black and red

scatters points represent the calibration and validation samples during the Monte-Carlo cross-validation with
1000 iterations. The R2, root mean square error (RMSE) and bias are reported for the validation samples of
xylem sap (a) and freeze-dried ground leaves (c). These models were created using spectral data from all
treatment categories for individual hormones. The model in panels a) and c) were constructed using 10
latent variables. Panels b) and d) show the regression coefficients which indicates some of the most
important wavenumbers (marked with a red X) involved in making this prediction for xylem sap and freeze-
dried leaves, respectively.
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25  Analysis with ATR-FTIR spectroscopy combined with chemometrics methods facilitates

26  determination of hormone concentrations in Japanese knotweed samples under different

27  environmental conditions.
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Abstract

Plant hormones are important in the control of physiological and developmental processes
including seed germination, senescence, flowering, stomatal aperture, and ultimately the
overall growth and yield of plants. Many currently available methods to quantify such growth
regulators quickly and accurately require extensive sample purification using complex
analytic techniques. Herein we used ultra-performance liquid chromatography-high-
resolution mass spectrometry (UHPLC-HRMS) to create and validate the prediction of
hormone concentrations made using attenuated total reflection Fourier-transform infrared
(ATR-FTIR) spectral profiles of both freeze-dried ground leaf tissue and extracted xylem sap
of Japanese knotweed (Reynoutria japonica) plants grown under different environmental
conditions. In addition to these predictions made with partial least squares regression, further
analysis of spectral data was performed using chemometric techniques, including principal
component analysis, linear discriminant analysis, and support vector machines (SVM). Plants
grown in different environments had sufficiently different biochemical profiles, including
plant hormonal compounds, to allow successful differentiation by ATR-FTIR spectroscopy
coupled with SVM. ATR-FTIR spectral biomarkers highlighted a range of biomolecules
responsible for the differing spectral signatures between growth environments, such as
triacylglycerol, proteins and amino acids, tannins, pectin, polysaccharides such as starch and
cellulose, DNA and RNA. Using partial least squares regression, we show the potential for
accurate prediction of plant hormone concentrations from ATR-FTIR spectral profiles,
calibrated with hormonal data quantified by UHPLC-HRMS. The application of ATR-FTIR
spectroscopy and chemometrics offers accurate prediction of hormone concentrations in plant

samples, with advantages over existing approaches.
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Introduction

As sessile organisms, plants rely on signalling molecules such as plant hormones to enable
them to react appropriately to their environment; they contribute to a plastic adaptive
response, regulating plant growth and stress tolerance *, and plants grown under different
environmental conditions show significant differences in hormone profiles 23 Plant
hormones include: ethylene, auxin, gibberellins (GAs), cytokinins (CKs), abscisic acid
(ABA), salicylic acid (SA), strigolactones (SLs), brassinosteroids (BRs) and jasmonic acid
(JA) 3. Plant hormone identification is challenging due to their low concentrations, ranging
stabilities and similar core structures, including isomers with the same MS fragmentation
patterns (e.g. cis- and trans-zeatin, topolin isomers, brassinolide and 24-epibrassinolide [24-
epiBL], and castasterone and 24-epicastasterone; Simura et al., 2018). Current methods for
plant hormone analysis include: gas chromatography-mass spectrometry (GC-MS), capillary
electrophoresis-mass spectroscopy (CE-MS) °, enzyme-linked immune sorbent assay
(ELISA) ©, ultra-performance liquid chromatography-mass spectrometry (UPLC-MS) 7, high

performance liquid chromatography-mass spectrometry (HPLC-MS) 8

and liquid
chromatography-ultraviolet detection (LC-UV) °. Liquid chromatography is a versatile
method that allows the separation of compounds of a wide range of polarity, but these
classical chromatographic techniques require destruction of the plant and lengthy sample
preparation. More recently the research focus has shifted towards the development of non-
destructive spectroscopic techniques for plant hormone detection, such as Raman

spectroscopy %! and desorption electrospray ionisation mass spectrometry imaging (DESI-

MSI)12,

Plant hormones control a range of complex physiological and developmental processes
including seed germination, senescence, flowering, and stomatal control, and affect overall

plant growth and crop yield . Antagonistic hormonal crosstalk also regulates numerous



Page 127 of 168 Analyst

oNOYTULT D WN =

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

Spectroscopy-based environmental metabolomics

factors influencing the success of invasive alien species (IAS), for example, the trade-off
between growth and defence ®, adaptive transgenerational plasticity 4, and the biosynthesis
of allelopathic chemicals *°. The importance of hormonal regulation in plant invasions has

16 and defence responses 1 of

been demonstrated in the differential biomass allocation
invasive and native plants, and in locally adaptive chromosomal inversion in invasive plants
18, Additionally, many herbicides used for the control of IAS are plant hormone analogues or
interfere with hormonal signalling and synthesis pathways °. IAS have significant negative
socio-economic 292! and environmental 22 impacts and therefore it is critical to gain an

increased understanding of the factors, including the role of plant hormones, that enable the

invasiveness and superior growth performance of these species 2329,

Japanese knotweed (Reynoutria japonica) is an IAS found across a broad geographic range,
colonising diverse habitats including riparian wetlands, urban transport courses, and coastal
areas 2?8, It is very tolerant to abiotic stress, occupying extreme environments such as salt
marshes 2° and metal-polluted soil 33, Although its habitats are diverse, Japanese knotweed
exhibits minimal genetic variation in Central Europe ', Norway 3 and the USA 28, and exists
as a female clone in the United Kingdom from a single introduction **3*, The ecological
adaptability of Japanese knotweed as an invasive weed renders this species an ideal model for
investigating the contribution of plant hormones to IAS invasiveness through a concatenated
approach combining ultra-performance liquid chromatography-high resolution mass
spectrometry (UHPLC-HRMS) and attenuated total reflection Fourier-transform infrared

(ATR-FTIR) spectral data.

In this study we used UHPLC-HRMS to quantitatively measure the concentrations of a set of
plant hormones at nanogram per millilitre concentrations: the active CKs trans-Zeatin (t-Z),
trans-zeatin riboside (tZR) and isopentyl-adenine (iP), the active GAs gibberellin Al (GAy),
gibberellin A4 (GA4), gibberellin A3 (GAz), the active auxin indole-3-acetic acid (1AA),

5
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ABA, JA, SA, and the ethylene precursor 1-amino-cyclopropane-1-carboxylic acid (ACC);
and compared these measured concentrations to those predicted from ATR-FTIR spectral
profiles of both xylem sap and freeze-dried ground leaves. ATR-FTIR spectroscopy employs
infrared (IR) light to alter the molecular vibrations of a sample, providing information on the
compounds within. It is a rapid analytical technique well-suited to environmental monitoring
with the advantages of a high degree of specificity and sensitivity, minimal sample
preparation, and portable enough for use in the field. It can be used non-destructively on
whole plant tissues, even in planta 33, We used chemometric algorithms to allow further
information to be gained from the absorbance profiles, such as molecular biomarkers
associated with the plants’ environments. Chemometric techniques used included principal
component analysis (PCA), PCA in combination with linear discriminant analysis (LDA),
support vector machines (SVMs), and partial least squares regression (PLSR) *-°. These
highlighted a range of biomolecules responsible for the differing IR spectral signatures
between growth environments, such as triacylglycerol, proteins and amino acids, tannins,
pectin, polysaccharides such as starch and cellulose, deoxyribonucleic acid (DNA) and
ribonucleic acid (RNA) “°. PLSR comparison of the ATR-FTIR spectral data with the
quantitative data from UHPLC- HRMS analysis allowed the effect of each hormone on the
spectral absorbances to be viewed in isolation. Key wavenumbers within the mid-infrared
fingerprint region were identified for prediction of plant hormone concentrations using ATR-
FTIR spectroscopy; predominantly in the region of 1200-1000 cm™ for leaf samples and
1600-1500 cm™ for xylem sap samples. In leaf samples these often related to polysaccharide
molecules, whilst in xylem compounds these key wavenumbers were more commonly
associated with nucleic acids and bases. Predictive models were built to consider the
concentrations of each hormone in turn and also to detect concentrations of several different

hormones at once.
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Materials and Methods

Plant growth

Japanese knotweed readily reproduces asexually from small fragments of an underground
storage organ called a rhizome, which has a woody root-like structure. Rhizomes were
collected from a site on the River Wyre, Google map reference 53.94977780, -2.75541670,
with landowner permission from Lancashire County Council. Ninety fragments of rhizome
(10-50 g, volume 2-58 cm?®) were planted in fertilized organic loam (John Innes No. 1, J.
Arthur Bowers, UK) in cylindrical pots designed to tightly fit in a Scholander-type pressure
chamber (Soil Moisture Equipment Corp., Santa Barbara, CA, USA) measuring 6.5 cm in
diameter and 23 cm in length with a volume of 763.2 cm?, and featured a stainless-steel mesh
(0.7 mm aperture) at the base to assist drainage. Pots were placed in one of two climate-
controlled cabinets (Microclima 1750, Snijders Scientific BV, Netherlands) at 80% humidity,
16 h of photoperiod, and 19/11°C day/night temperature where the treatments were applied
and plants were grown for a total of fifty days before harvesting. The long photoperiod and
temperature range were selected to simulate an average British Summer in the areas where
Japanese knotweed usually colonises, using a comparison of temperature maps from the Met

Office #! and a distribution map of Japanese knotweed in the British Isles %2,

Treatments

Rhizome fragments were divided into eight treatment groups to give an even split of rhizome
masses in each group. The treatments applied were: Light Control ‘LC’, Light Drought ‘LD’,
Light Nitrogen ‘LN’, Light Low Nutrient ‘LLN’, Shade Control ‘SC’, Shade Drought ‘SD’,
Shade Nitrogen ‘SN’ and Shade Low Nutrient ‘SLN’. Four groups were placed in each of
two growth cabinets. In both cabinets, the light emitted from the two high-pressure sodium
lamps (SON-T 400 W, Philips Lighting, Eindhoven, The Netherlands) was reduced using a

LEE 209 filter (LEE Filters Worldwide, Andover, Hampshire, UK). In one cabinet, a matrix
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of far-red LEDs (EPILEDS, 740-745 nm) distributed in five rows 30 cm apart was used to
decrease the red: far-red ratio (R:FR) to simulate shading. Wavelengths emitted were
measured using an UPRtek (Taiwan) PG100N light spectrometer. The resultant combined
light conditions (see Table S17) resulted in a ‘light’ treatment with a R:FR of 5.6 and a
‘shade’ treatment with a R:FR of 0.4 (see Figure S1+ for the spectral profile). Plants were
shuffled weekly within each cabinet to minimise positional effects from the LED matrix
pattern. The R:FR of natural sunlight during the day is approximately 1.15 “ and the R:FR of
0.4 in the shade treatment was chosen to replicate that found within vegetative canopies such
as sugar beet, deciduous woodland, coniferous woodland and tropical rainforest 3. In both
cases, the photosynthetic photon flux density (PPFD) was between 124.7 and 189.8

pmol-m2-s™* which is typical of growth cabinet studies 47,

Plants were provided with water (75 mL/pot / 48 h), apart from LD and SD in which water
was withheld for 7 days prior to harvest. Once a week, four groups (LC, LD, SC, SD) were
watered with 75 mL Hoagland solution to provide both nitrogen and micronutrients, see
Table S2+ for details. LN and SN were fed with the commonly used agricultural dose of 50
kg ha® year? “®; this was scaled down for a pot diameter of 6.2 cm and applied across a split-
dose at 21 and 23 days to prevent leaching. Groups LLN and SLN were provided only with

water and received no additional nitrogen or micronutrients.

Harvest

Two leaves were excised from each plant for the analysis 4-8 h into the photoperiod in order
to fall within a stable period of the plants’ circadian rhythm. The youngest leaf from the top
of plants was placed in liquid nitrogen, freeze-dried, and finely ground for hormone analysis
by U-HPLC-HRMS, and the second leaf down was treated similarly for analysis by ATR-
FTIR spectroscopy. Following this, the plant was de-topped and the whole pot inserted into a
Scholander-type pressure chamber (Soil Moisture Equipment Corp., Santa Barbara, CA,

8
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USA) with the stem protruding for xylem sap collection. The pressure was matched to the
flow rate by increasing the pressure gradually above the balance pressure. For each trial
pressure, the flow rate was calculated by weighing the sap collected for twenty seconds, until
the flow rate matched that calculated by mass loss following the method previously described
in 49, This was necessary as it has been shown that ABA concentration are influenced by sap
flow rate *°. Sap was collected in Eppendorf vials, immediately frozen in liquid nitrogen and

stored at —80°C for hormone determination, and ATR-FTIR spectral analysis.

Plant hormones

Plant hormones were quantified from frozen xylem sap and freeze-dried ground leaf material
using UHPLC-HRMS as described previously with some modifications 5!, Freeze-dried
ground leaf samples were prepared with several extraction steps and sonication before
analysis, whilst only the filtration and centrifugation steps were necessary for the xylem sap
samples. In the first extraction up to 250 mg of raw material was mixed with methanol (1.25
mL, 80%) and an internal-standards mix composed of deuterium labelled hormones ([°Hs]tZ,
[2HItZR, [?He]iP, [2H2]GA1, [H2]GAs, [2H2]GA4, [2Hs]IAA, [2Hs]ABA, [2H4]SA, [Hs]JA,
[?Hs]JACC, Olchemim Ltd, Olomouc, Czech Republic) at a concentration of 5 pg mL™? in
80% methanol. Samples were vortexed, incubated for 30 min at 4°C, and centrifuged (20000
g, 4°C, 15 min). Supernatants were passed through Chromafix C18 columns
(MachereyNagel, Duren/Germany) previously pre-equilibrated with 80% methanol and
filtrates were collected on ice. Extraction was repeated with 1.25 mL 80% methanol; second
extracts were passed through the same columns. The combined extracts were collected and
concentrated to complete dryness using the Integrated SpeedVac® Concentrator System
AES1000 (Savant Instruments Inc., Holbrook/USA). The residues were resolved in 500 or
1000 pL 20% methanol, sonicated for 8 min using a ultrasonic bath, passed through 0.2-um

syringe filters (Chromafil PES-20/25) and placed in HPLC vials for analysis, and optionally
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stored at —80°C. Phytohormone analyses were performed using a UHPLC-HRMS system
consisting of a Thermo ACCELA pump (Thermo Scientific, Waltham/USA) coupled to a
tempered HTC-PAL autosampler (CTC Analytics, Zwingen/Switzerland), and connected to a
Thermo Exactive Spectrometer (Thermo Scientific) with a heated electrospray ionization
(HESI) interface. Due to the high resolution of the Orbitrap, we recorded the total ion
chromatogram of the samples and did not fragment the molecules. A typical chromatogram
for SA is shown in Figure S21. The analysis was performed in the negative mode [M-H]
(Table S31), and the instrument settings included: sheath gas flow rate = 35 ml-min,
auxiliary gas flow rate = 10 ml-min, spray voltage = 2.5 kV, capillary temperature = 275°C,
capillary voltage = -40 V, tube lens voltage = -110 V, skimmer voltage = -20 V. Mass spectra
were obtained using the Xcalibur software version 2.2 (ThermoFisher Scientific, Waltham,
MA, USA). For quantification of the plant hormones, calibration curves were constructed for
each analysed component (1, 10, 50, and 100 pg 1) and corrected for 10 pg I deuterated

internal standards. Recovery percentages ranged between 92 and 95%.

ATR-FTIR spectral acquisition

Freeze-dried ground leaves and xylem sap were analysed using a Tensor 27 FTIR
spectrometer with a Helios ATR attachment (Bruker Optics Ltd, Coventry, UK). The
sampling area, defined by the Internal Reflection Element (IRE), which was a diamond
crystal, was 250 um x 250 pm. Spectral resolution was 8 cm™ with 2 times zero-filling,
giving a data-spacing of 4 cm™ over the range 4000 to 400 cm; 32 co-additions and a mirror
velocity of 2.2 kHz were used for optimum signal to noise ratio. To minimise bias, ten
spectra were taken for each sample. Each sample was placed on a slide with the side to be
analysed facing upwards, placed on a moving platform, and then raised to ensure a consistent
contact with the diamond crystal. For xylem sap samples, 30 mL of xylem sap was placed on

a tin foil-covered slide and allowed to dry before analysis. For freeze-dried ground leaves a

10
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small amount of powder was transferred to each slide using a spatula. A total of 410 spectra

were taken for xylem sap and 330 spectra were taken of freeze-dried ground leaf tissue.

Data analysis

The ‘mergetool’ function of an in-house developed MATLAB (Mathworks, Natick, USA)
toolbox called IRootLab °*°3 was used to convert all spectral information from OPUS format
to suitable files (.txt). Following this, it was necessary to pre-process the acquired spectra to
improve the signal-to-noise ratio. Pre-processing corrects problems associated with random
or systematic artefacts during spectral acquisition and is an essential step of all spectroscopic
experiments. Pre-processing and computational analysis of the data were performed using a
combination of IRootLab toolbox °2°% and the PLS Toolbox version 7.9.3 (Eigenvector
Research, Inc., Manson, USA). The pre-processing steps applied to all spectra were firstly the
selection of the spectral biochemical fingerprint region (1800-900cm™), followed by
Savitzky—Golay (SG) second differentiation (nine smoothing points) and vector
normalisation. All data were mean centred before multivariate analysis, where multiple

dependant variables are observed simultaneously to determine a pattern.

Four machine learning techniques were used in this study: an unsupervised dimensionality
reduction method, two supervised classification methods and one regression. The
unsupervised method principal component analysis (PCA) simplifies complex multivariate
datasets, allowing them to be presented intuitively and enabling pattern recognition. Two
supervised chemometric techniques, principal component analysis with linear discriminant
analysis (PCA-LDA) and support vector machines (SVM), were used for the classification of
groups 3"*8, PCA-LDA was also used for the determination of biomarkers. Most importantly,
hormone prediction was achieved using a multivariate analysis technique called PLSR of
both ATR-FTIR spectral data and real hormone data as measured by UHPLC-HRMS *°.

Regression by PLSR was performed with the same pre-processed data without vector

11
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normalization. Multivariate analysis techniques allow multiple variables to be compared at
the same time enabling spectral absorbance values across a range of wavelengths to be
simultaneously correlated against concentrations of multiple hormones for numerous
samples. Observing all these data at once allows patterns to be seen and enables predictions
to be made. To form these models, an X-block of ATR-FTIR spectral absorbance data for
plants was analysed by PLSR against a Y-block of hormone concentrations for the
corresponding plants as measured using UHPLC-HRMS. Environments were analysed
separately, allowing a model to be created for each of them. The PLSR models were
validated by Monte-Carlo cross-validation, where 20% of the spectral data is randomly left-
out for validation and the remaining 80% is used for training the model in an exhaustive
process to ensure model consistency and validation reliability. In this study, Monte-Carlo
cross-validation was performed with 1000 iteration cycles. The number of principal
components for PCA-LDA was set at 10, to ensure more than 95% of the original data
explained variance was contemplated. PLSR models were built varying the number of latent
variables according to the smallest root-mean-squared error (RMSE) of cross-validation.
Once made, these models can be applied to new ATR-FTIR spectral data in the absence of

UHPLC-HRMS data to predict plant hormone concentrations.

Results

ATR-FTIR spectral analysis classifies plants from different environments via spectral
differences

The sensitive nature of IR spectroscopy allowed indications of plant responses to
environment to be observed visually as differences between spectral profiles. The pre-
processed fingerprint spectra exhibit distinguishable differences between spectra of different
treatment groups, for both xylem sap and freeze-dried ground samples, at 950, 1050, 1150,

1250, 1325, 1400, 1525, 1575 and 1610 cm™ (Figure S3bt) and 950, 1050, 1275, 1400, 1525

12
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and 1610 cm™ (Figure S3d¥), respectively. Three chemometric techniques (PCA, PCA-LDA
and SVM) were used to extract further information from the spectral absorbance profiles of
xylem sap (Figures la-d) and freeze-dried ground leaves (Figures 2a-d). The unsupervised
technique, PCA, showed poor separation between treatment groups in xylem sap samples
(Figure 1a). However, addition of the supervised classifier LDA created biologically
meaningful separation along the linear discriminant 1 (LD1) axis. Xylem sap samples in the
low nutrient categories (LLN and SLN) fall to the right of the other samples with the same
lighting regine (LC, LD, LN and SC, SD and SN respectively) along the LD1 axis (Figure
1b). In leaf samples, the separation along the LD1 axis relates to light regime (Figure 2Db),
with “light’ to the left and ‘shade’ to the right. For the xylem sap samples, the left-hand side
of the PCA-LDA scatter graph contains both control and drought plant samples (LC and LD)
which were watered with Hoagland solution, the central portion contains clusters of nitrogen
fed and low nutrient shaded plants (SN and SLN), and the right-hand side contains the light
samples of the nitrogen and low nutrient categories (LN and LLN). The pattern observed in
Figure 2a is distinctive due to the homogenisation introduced by the grinding process; PCA
of freeze-dried ground leaves separated spectra from individual samples into clusters. PCA-
LDA of freeze-dried leaf samples (Figure 2b) resulted in a separation along the axis LD1; LD
to the left, LC, LN and LLN in the central portion, and all shaded groups to the right (SC, SD,
SN and SLN). The stronger chemometric technique, SVM, achieved the best classification
results for both sample types. Analysis of spectra from xylem sap samples using SVM
achieved 99.0% accuracy, 98.2% sensitivity, and 99.8% specificity (Figures 1c-d). However,
application of SVM to spectra of freeze-dried ground leaves attained even better separation
with 99.8% accuracy, 99.6% sensitivity and 100.0% specificity (Figures 2c-d). For SVM

model parameters, cost, gamma and number of support vectors, see Table S47.

13
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Figure 1: (a) PCA scores plot showing poor separation between classes, (b) PCA-LDA
scatter plot showing some separation by nutrient levels, (c) SVM sample/measured plot
showing correct classification (Y-axis) of spectra from samples of different treatment
categories (X-axis) and (d) SVM results for ATR-FTIR spectra taken of xylem sap samples
showing excellent classification, grouped by treatments; Light Control (LC), Light Drought
(LD), Light Nitrogen (LN), Light Low Nitrogen (LLN), Shade Control (SC), Shade Drought
(SD), Shade Nitrogen (SN) and Shade Low Nitrogen (SLN).
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Figure 2: (a) PCA scores plot in which each cluster is formed from separate samples due to
the homogenisation introduced by the grinding process, (b) PCA-LDA scatter plot showing
some separation by light levels, (c) SVM sample/measured plot showing correct classification
(Y-axis) of spectra from samples of different treatment categories (X-axis) and (d) SVM
results for ATR-FTIR spectra taken of freeze-dried ground leaves samples showing excellent
classification, grouped by treatments; Light Control (LC), Light Drought (LD), Light
Nitrogen (LN), Light Low Nitrogen (LLN), Shade Control (SC), Shade Drought (SD), Shade
Nitrogen (SN) and Shade Low Nitrogen (SLN).

ATR-FTIR spectral analysis identifies biomolecular differences between treatments

ATR-FTIR spectroscopy can detect changes in concentration or molecular structure of
compounds. Significant biomolecular differences can be deciphered by examination of the
key wavenumbers, which differentiate spectral profiles of different treatment groups from
one another. These wavenumbers are called loadings (Figure S41) and their tentative
molecular assignments have been found through examination of the literature for both xylem
sap and leaf sample types for biomarker information and references (see Table S5%). The
peaks which differentiate treatment groups in xylem sap samples were related to a range of
biomolecules such as triacylglycerol, proteins, glutamate, cellulose, tannins, starch, and RNA
562 For freeze-dried ground leaves, the differences were found in much the same

compounds: triacylglycerol, proteins and amino acids, pectin, polysaccharides such as starch

and cellulose, and DNA 55:56:59.63-65

UHPLC- HRMS hormone analysis indicates that hormone concentrations are impacted by
applied treatments

Plants respond to their environment via signalling molecules such as hormones, to enable a
plastic response. This is reflected in the concentrations of plant hormones measured by
UHPLC-HRMS (ACC, tZ, iP, SA, ABA, JA, GA1, GA4, GAs, tZR, and IAA) which were
different between plants belonging to different treatment groups (see Figure 3a and c; Figures
S5% and S67). Figure 3a shows separation of LD and SD plants along PC1 based on xylem

sap hormone concentrations accounting for 65.07% of the variance. This is primarily due to
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increased ABA and tZ (see Figure 3b, PC1 loadings in blue). The separation along PC2 for
xylem sap samples is due to the antagonistic relationship between JA and ABA (Figure 3b,
PC2 loadings in green), which is variable within treatment categories (Figure 3a). Figure 3c
also shows a separation along PC1 of droughted samples based on the hormone
concentrations of freeze-dried ground leaves, accounting for 46.32% of the sample variance.
High leaf ABA and low leaf ACC, JA and tZ concentrations were primary responsible for
separation along axis PC1 (Figure 3d, PC1 loadings in blue). The PC2 axis of Figure 3c
shows some separation by lighting treatment, however this separation was of lesser
importance and only explained 38.23% of the variance. The green line in Figure 3d indicates
that ABA, JA, tZ, and SA were all higher in LC and LD samples to create this separation
along axis PC2, whilst ACC was lower. JA concentrations in plants with a low red: far-red

ratio were lower.

16
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Figure 3: UHPLC-HRMS measurements of plant hormone concentrations analysed by PCA:
a) xylem sap PCA scores showing separation of droughted plants along the PC1 axis, b)
xylem sap loadings highlighting the importance of ABA in droughted samples, c) freeze-
dried ground leaf scores showing separation by drought along PC1 and red: far red ratio
along PC2, d) freeze-dried ground leaf loadings indicating that droughted plants exhibited
high ABA and low ACC, JA and tZ concentrations whilst plants with a high red: far-red ratio
had high ABA, JA, tZ, and SA but low ACC concentrations.

In xylem sap samples (Figure S5t1), ABA concentration was highest in the drought
categories; LD and SD, at ~17 and ~7 ng-ml* of sap ABA respectively, whilst the other
categories ranged between ~1 and 3 ng-ml sap. Leaf ABA concentrations (Figure S61) were
approximately quadruple in LD than those of the other categories. Shade plants had notably
lower xylem SA concentrations, in the range of 0.7-1.1 ng-ml* sap compared with 1.6-4.5

ng-ml? sap for ‘light’ plants. Leaf tZ was 4.5-fold higher in LC plants than in those of SLN.
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Leaf JA concentration was significantly higher in the light control group LC (~710 ng-g* dry
weight) compared to all other groups (ranging 170-420 ng-g™* dry weight), except the shade
control group SC (~460 ng-g™* dry weight). LC had the highest iP concentrations at 0.25 ng-g-
1 dry weight, significantly higher compared to groups LD, LN, SD, SN (ranging 0.03-0.6

ng-g* dry weight), with the other groups falling in between.

Combined ATR-FTIR UHPLC-HRMS analysis identifies key spectral wavenumber for
hormone prediction via ATR-FTIR spectroscopy

Whilst the plant hormone concentrations quantified by using UHPLC-HRMS served to
confirm that the applied treatments were effective at inducing a phenotypic response,
importantly the UHPLC-HRMS data enabled the generation of predictive models for
hormone concentrations using ATR-FTIR spectral data by means of a multivariate analysis
technique called partial least squares regression. PLSR allows simultaneous comparison of
multivariate datasets, in this case, the spectral absorbance values for either freeze-dried
ground leaf tissue or from xylem sap compared with the plant hormone values obtained by
HPLC-HRMS. Using PLSR, the extracted plant hormone concentrations measured by
UHPLC-HRMS were accurately predicted from ATR-FTIR spectral profiles of the same

sample material.
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PLSR prediction of xylem sap tZ PLSR regression coefficients
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Figure 4: PLS regression and regression coefficients of trans-Zeatin concentrations as
measured using UHPLC-HRMS against predicted values using ATR-FTIR spectra of a)
xylem sap (ng mL™?), and c) freeze-dried ground leaves (in ng-g™* dry weight) grown under all
treatment conditions. In panels a) and c), the black line shows the ideal prediction gradient of
one, which would be 100% accurate. The black and red scatters points represent the
calibration and validation samples during the Monte-Carlo cross-validation with 1000
iterations. The R?, root mean square error (RMSE) and bias are reported for the validation
samples of xylem sap (a) and freeze-dried ground leaves (c). These models were created
using spectral data from all treatment categories for individual hormones. The model in
panels a) and c) were constructed using 10 latent variables. Panels b) and d) show the
regression coefficients which indicates some of the most important wavenumbers (marked
with a red X) involved in making this prediction for xylem sap and freeze-dried leaves,
respectively.

The graphs in Figure 4 show the PLS regressions and regression coefficients of tZ hormone
concentrations as measured using UHPLC-HRMS against predicted concentrations using
ATR-FTIR spectra of either xylem sap or freeze-dried ground leaves from all treatment
categories as an example of the predictive models generated using this approach (see Figure

S7+ and S9t for of the predictive models for the other hormones). For the regressions in
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Figure 4a and Figure 4c, the black lines show the ideal prediction gradient of one, which
would be 100% accurate. Leaf samples achieved a more accurate prediction of R%s= 0.649
([?Hs]tZ) to 0.848 ([°Hs]JABA) compared with 0.529 ([°H4]SA) to 0.820 ([*H2]GA1) for
xylem sap samples (see Figures S7 and S9+). The PLSR models in Figures 4, S7+ and S9t
use hormonal data measured by UHPLC-HRMS to train them on the correlation between
different hormone concentrations and the corresponding differences in ATR-FTIR spectral
profiles. For each hormone, and each sample type, different spectral wavenumbers are
important in making this prediction. These key wavenumbers can be identified by the PLS
regression coefficients, which are presented in Figures S8+ and S10+ for each hormone and
sample type. The regression coefficients with higher weights (either positive or negative)
represent key wavenumbers, since they are more correlated with the increase or decrease of
hormone concentration. These were detected mostly in the regions around 1000, 1400-1600
and 1750 cm™ (ABA); 1000-1100 and 1600-1650 cm™ (tZ); 1000-1100, 1300 and 1500-1700
cm? (SA); 1000-1100 cm™ (JA); 1000-1000 cm™ and 1600-1800 cm™ (ACC) for prediction
of leaf hormone concentration; and, around 1000-1100 and 1500-1800 cm™ (ABA); 1400,
1600-1800 cm* (tZ); 1300-1450 and 1700-1800 cm™ (SA); 1100, 1400 and 1600-1700 cm™

(JA); 1000-1200 and 1700-1800 cm™ (GA1) for xylem sap hormone concentration.

Combined ATR-FTIR UHPLC-HRMS analysis gives a high correlation between predicted
and measured hormone concentrations

Analysis of data from each treatment separately allowed the generation of treatment-specific
models. Table 1 shows the validation R? and root mean square error (RMSE) values for
predicted against measured hormone concentrations from xylem sap, with each row being a
separate treatment. The R? values for the predictions from xylem sap samples ranged between
0.831 (iP for light control) to 0.940 (GA1 for light nitrogen), and the RMSE values ranged

from 0.0004 ng/mL sap (GAA4 for light control) to 2.655 ng/mL sap (ABA for light drought)
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(Table 1). Likewise, the validation R? and RMSE values for predicted against measured
hormone concentrations from freeze-dried ground leaves are shown in Table 2. The R? values
varied between 0.811 (ABA for shade control) to 0.957 (JA for shade low nutrient), and the
RMSE values ranged from 1.692 ng/g dry weight (ABA for shade nitrogen) to 60.244 ng/g
dry weight (JA for light control) (Table 2). In xylem sap samples, light nitrogen achieved the
best correlations for hormones iP (R? = 0.934), GA1 (R? = 0.940) and GA3 (R? = 0.889);
shade low nutrient for hormones ABA (R? = 0.933) and JA (R? = 0.935); light drought for
hormone tZ (R? = 0.904); shade nitrogen for hormone IAA (R? = 0.892); shade drought for
hormone SA (R? = 0.926); and, light control for GA1 (R? = 0.924), being the only treatment
associated with GA1 hormone. In freeze-dried ground leaves, the best correlations were:
shade low nutrient for hormones ACC (R? = 0.948) and JA (R? = 0.957); shade drought for
hormone tZ (R? = 0.932); shade nitrogen for hormone ABA (R? = 0.950); and, light drought
for hormone SA (R? = 0.952). These models therefore provide a valuable resource that can be
saved and applied to new spectral data obtained from plants grown under similar conditions
thereby allowing the hormone concentrations to be accurately predicted without the

requirement for exhaustive UHPLC— HRMS analysis.

Table 1: R? and root-mean square error (RMSE) values for predicted against measured
hormone concentrations from partial least squares regression for xylem sap ATR-FTIR
spectral data against UHPLC-HRMS-measured hormone concentrations. Hormones with zero
values for multiple plants were excluded from the model and are designated as NA. The
treatments with best R? results for each hormone are shaded in gray. The number of latent
variables to construct the PLSR regression models are shown in Table S6+.

Xylem Sap RMSE

(ng/mL sap) tz iP GAL GA3 GA4 IAA ABA JA SA
Light Control 0294 0347 0042 NA 00004 0006 0190 0589 0.323
Light Drought 0741 0.008 0.116 0.034  NA NA 2655 2570 0.482
Light Nitogen ~ 0.384 0.001 0.001 0010 NA NA 0326 0817 0.737
Light Low Nutrient  0.205 0.002 0.001  NA NA NA 0189 0708 0.222
Shade Control 0031 0060 0014 0006  NA NA 0295 0671 0.138
Shade Drought ~ 0.318 NA  0.044 0009  NA NA 0939 0870 0043
Shade Nitrogen ~ 0.051 0.002 0008 0.001 NA 0007 0084 0534 0.086
Shade Low Nutrient  0.088 NA  0.020 NA NA NA 0112 0143 0.086

Xylem Sap R? tz iP GAL GA3 GA4 IAA ABA JA SA
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Light Control
Light Drought
Light Nitrogen
Light Low Nutrient
Shade Control
Shade Drought
Shade Nitrogen
Shade Low Nutrient

0.876 0.831
0.904 0.887
0.891 0.934
0.872 0.881
0.896 0.891
0.886 NA
0.900 0.902
0.903 NA

0.881
0.914
0.940
0.888
0.918
0.889
0.876
0.910

NA
0.862
0.889

NA
0.880
0.884
0.884

NA

0.924
NA
NA
NA
NA
NA
NA
NA

0.865
NA
NA
NA
NA
NA

0.892
NA

0.856
0.894
0.902
0.865
0.881
0.914
0.862
0.933

0.905
0.897
0.886
0.875
0.884
0.932
0.928
0.935

0.888
0.863
0.884
0.907
0.902
0.926
0.867
0.882

Table 2: R? and root-mean square error (RMSE) values for predicted against measured
hormone concentrations from partial least squares regression for freeze-dried ground (FDG)
leaves ATR-FTIR spectral data against UHPLC-HRMS-measured hormone concentrations.
The treatments with best R? results for each hormone are shaded in gray. The number of

latent variables to construct the PLSR regression models are shown in Table S67.

Discussion

Differences in ATR-FTIR spectral profiles are highlighted through chemometrics

FDG Leaves RMSE

(ng/g dry weight) ACC tz ABA JA SA
Light Control 52.465 18.024 6.864 60.244 11.221
Light Drought 10.090 12.066 24915 19.672 11.330
Light Nitrogen 27.340 11509 6.686 19.963 5.345

Light Low Nutrient  25.134 7.362 6.981 11.333 2.982
Shade Control 7344 17257 6.601 29534 4.753
Shade Drought 14.084 9.137 5466 9.035 4.121

Shade Nitrogen 32.843 9.663 1.692 5.879 2.691
Shade Low Nutrient ~ 3.852 10.446 2.218 7.824 3.650
FDG Leaves R? ACC V4 ABA JA SA

Light Control 0.904 0.873 0916 0.901 0.900
Light Drought 0.883 0909 0914 0.894  0.952
Light Nitrogen 0.909 0902 0902 00925 0.926

Light Low Nutrient 0.921 0906 0.887 0.953 0.909
Shade Control 0.840 0829 0811 0.855 0.860
Shade Drought 0.876 0932 0925 0.917 0.942

Shade Nitrogen 0.892 0.863 0950 0.954  0.907
Shade Low Nutrient ~ 0.948  0.900 0.933  0.957 0.918

Japanese knotweed and other invasive species with low genetic variation exhibit a plastic

response to their environment which is thought to contribute to their invasion success 23667,

This phenotypic plasticity was reflected in the present study in the differences found between

spectral profiles between treatment groups. This is consistent with the results of studies in

22



Page 145 of 168 Analyst

oNOYTULT D WN =

465

466

467

468

469

470

471

472

473

474

475

476

477

478

479

480

481

482

483

484

485

486

487

Spectroscopy-based environmental metabolomics

which ATR-FTIR spectroscopy has been successful in differentiating plants’ nutrient status

and plants from different growing environments 671

. The environmentally induced
phenotypic changes were successfully captured by the ATR-FTIR spectral profiles, which
were visibly different (see Figure S3t). Figures 1 and 2 demonstrate the power of
chemometrics to emphasise these differences. SVM was the most successful technique
applied and had marginally more success in the freeze-dried ground samples, likely due to the
homogenisation of the samples during the grinding process leading to more predictable
results. The higher separation of spectra from freeze-dried ground leaves (Figure 2a) by PCA
than that of xylem sap spectra (Figure 1a) could be due to the averaging effect of leaf growth
over time, adapted to each environment, compared with the nature of the xylem-sap samples
which capture a moment in time and could be influenced by compounds related to
development stage. Leaf samples reflect a balance between synthesis and metabolism and the
import and export of compounds, whilst xylem sap samples reflect instantaneous transport.

The sample type more closely correlated to the physiological response therefore depends on

the analyte of interest.

Hormone profiles reflect plant response to environment

It is well established that plant stresses such as drought, nutrient deficiency and shading can
have a marked impact on the concentrations of plant hormones 3. Our measurement of plant
hormones with the highly specific techniqgue, UHPLC-HRMS, from xylem sap (Figure S5+)
and leaves (Figure S67) are consistent with this. The applied treatments (LC, LD, LN, LLN,
SC, SD, SN and SLN) were sufficiently different to alter the hormone profiles in the plants,
reflecting adaptations to each environment “2. Importantly, such a range of hormone

concentrations was essential prerequisite to create good datasets for regression analysis.
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Hormonal biomarkers identified for mid-infrared spectroscopy

The process from chemometric biomarker identification to physical biomolecular extraction
is a developing area of spectroscopy with ongoing research to optimise concentration
quantification ">7#, molecular definition databases *° and new applications 3>38697L75 |t was
therefore crucial that predictions for expected hormone profiles from spectroscopic data were
made and verified against actual hormone concentrations quantified by mass spectrometry.
PLSR comparison of the ATR-FTIR spectral data with the guantitative data from UHPLC-
HRMS analysis allowed the effect of each hormone on the spectral absorbances to be viewed
in isolation. The regression coefficients in Figure 4 aid to point to key spectral wavenumbers
used in the model creation for tZ concentration prediction. These suggest that the most
important regions for prediction of hormone concentrations using ATR-FTIR spectral profiles
are around 1000-1100 and 1620 cm™ for leaf samples; and, around 1400-1450, 1580 and

1650-1780 cm for xylem sap samples.

Three tentative wavenumbers used to predict ABA hormone concentration in leaf samples,
1612, 1566 and 1323 cm™ are often attributed to the Amide 1 °’, Amide 11 bands of proteins
(N-H bending and C-N stretching) ® and Amide Il1, respectively %2. As ABA does not
contain nitrogen within its structure this suggests that ABA-associated biochemical changes
in other compounds within the leaves could be acting as proxy indicators for the estimation of
ABA concentration. Similarly, 1516 cm™ is also tentatively associated with Amide Il
vibrations of proteins and appears to be one of the key indicators for prediction of tZ, JA and
SA concentrations in leaves *°. The Amide Ill-associated ®? peak identified at 1323 cm™ was
also used to tentatively predict leaf SA concentrations. Two phosphorus-associated peaks that
were suggested were used for the prediction of leaf ABA concentration: 1211 cm™, which is
tentatively associated with PO?~ asymmetric stretching (Phosphate 1); and, 1065 cm™ linked

to C-O stretching of the phosphodiester and the ribose of bases >°. As ABA also does not
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contain phosphorus, this supports the hypothesis that compounds other than ABA contribute
to a ‘spectral signature’ for ABA-associated biochemical changes and suggest the use of
associated compounds as a proxy, would be useful to gain an overall picture of plant health in

agricultural and ecological settings.

In contrast, leaf SA concentrations were predicted using two peaks which could be tentatively
associated with the structure of SA: 1582 cm™, which is linked to the ring C—C stretch of
phenyl; and, 1339 cm™ is associated with in-plane C-O stretching vibration combined with
the ring stretch of phenyl *°. As a consequence, 1339 cm™ was used for prediction of leaf
ABA and SA, as well as xylem ABA, tZ and SA. Other tentative wavenumbers relating to
Amides | and 11 (1663, 1547, 1570, 1555 cm™) also appeared important for the prediction of

hormone concentrations 5°°6:59.76

When plants are under stress, signalling cascades including hormones and reactive oxygen
species (ROS) induce biochemical changes 7. As an important regulator in response to
drought-induced stress, ABA induces ROS accumulation to facilitate stomatal closure 8,
whilst SA, which is part of the innate immune response ’°, ameliorates oxidative damage
through regulation of redox signalling and the antioxidant defence system . To prevent
oxidative damage, excess ROS may be absorbed and quenched by phenolic compounds,
which have antioxidant properties 8. This coordinated biochemical response perhaps explains
why the possible biomarker at 1512 cm™, which is tentatively associated with v(C-C)
aromatic (conjugated with C=C phenolic compounds 8 appears to allow the prediction of
xylem sap ABA and SA concentrations. Another peak 1177 cm™, could be associated with
the C-O stretch vibration of tannins ®, and is possibly a predictor of xylem JA

concentrations.
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Polysaccharides are another class of compounds commonly used for the prediction of
hormone concentrations, particularly within leaf samples. The peak at 1038 cm™ is tentatively
associated with the polysaccharide galactan &; this appears to be important in the prediction
of leaf SA concentrations. Leaf tZ and leaf JA concentrations appear to be predicted using a
peak at 1130 cm™, which has previously been tentatively attributed to the stretching
vibrations [v(CO)] of the COC glycosidic linkage of polysaccharides 8. Pectin is potentially
associated with a peak at 1443 cm™ ®*: this was hypothesised as useful in the prediction of
leaf tZ, SA, JA and ACC concentrations. In addition, a possible peak at 972 cm™ (specifically
from the OCH3 group of polysaccharides such as pectin) *° has potential to be used in the
prediction of leaf ABA, tZ, JA and ACC . This association with leaf JA could be linked to
jasmonate-mediated accumulation of leaf-soluble sugars in response to far-red light &. A
potential peak at 1636 cm™ can be tentatively linked to C=0 stretching of carbonyl group,
typical of saccharide absorption °%; this appears to be important in prediction of xylem JA and
leaf SA concentrations. Leaf ABA levels appeared to be predicted using a peak at 1049 cm?,
which is associated with cellulose %8, A potential peak biomarker at 1732 cm™ has been
associated with both hemicellulose 8% this appeared to be a predictor of leaf ABA
concentrations. As a key hormone in the drought-induced response, it is perhaps unsurprising
that ABA might be estimated using hemicellulose because the leaves of drought-treated
plants are known to exhibit a higher content of hemicellulosic polysaccharides &. A potential
peak biomarker at 1732 cm™ has also been associated with lipid fatty acid esters 8, which is
the more probable molecular assignment in its use for estimation of xylem JA concentrations
because the fatty acid, linolenic acid, is an important precursor of JA synthesis 8. Whilst an
isolated and controlled peak assignment that could be unambiguously correlated with
endpoint effect would be the ideal, in the complex cellular environment this is unlikely to be

attainable. In this complex scenario, there will inevitably be a large number of differing peaks
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with some more obvious than others. However, we would argue that these shed new insights

into mechanism and have the potential to be further investigated.

Whilst leaf hormone concentrations appear to be strongly associated with sugar compounds,
in xylem sap samples nucleic acids and bases generally appear to be more relevant indicators
of hormone concentration. ABA, tZ and SA concentrations in xylem sap appear to be
predicted using a possible peak at 1690 cm™, which is associated with nucleic acids due to
the base carbonyl (C=0) stretching and ring breathing mode *°. Similar to 1065 cm?, the
peak at 991 cm™ is also associated with C—O stretching of the phosphodiester and the ribose
of bases *°. This peak appeared to be important in xylem sap samples for the prediction of
ABA, tZ, SA, and GA1 concentrations. A possible peak at 1713 cm™, associated with the
C=0 of the base thymine %, was identified as important in prediction of tZ and SA
concentrations in xylem sap samples. Another possible peak at 1690 cm™, linked to nucleic
acids due to the base carbonyl (C=0) stretching and ring breathing mode °°, appeared to be
useful in prediction of xylem sap concentrations of ABA, tZ and SA. A possible peak at 1574
cm relating to the C=N of adenine °°, was identified as important in the prediction of xylem
GAL concentrations. Finally, a possible peak at 1531 cm™, associated previously with
modified guanine %°, was used in the prediction of xylem tZ and SA. Again, these peak

assignments are tentative but lend novel insights into this changing cellular environment.

ATR-FTIR spectral profiles allow prediction of hormone concentrations

The ATR-FTIR spectrum is information rich and provides an integrated holistic picture of the
entire cellular biochemistry “°. In response to the growth environment, biomolecules
unrelated, related and influenced by hormonal activity will be altered, presumably in a dose-
related fashion. Chemometrics provides a method to extract this chemical information from
spectral absorbances, considering the ratios of different biochemical entities and potentially
allowing us to find the "needle in a haystack" of individual hormones in their natural state.
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PLSR models have previously been applied to the infrared and Raman spectroscopic
absorbances of plant-derived samples to quantify individual components within molecular

mixtures 10,11,88-90

Here we have presented a demonstration of PLSR for the accurate prediction of plant
hormone concentrations from ATR-FTIR spectral profiles. The accuracy of PLSR prediction
of tZ concentrations was higher for xylem sap (Figure 4a, R?=0.701) compared with leaf
samples (Figure 4c, R?=0.649). To improve the regression, for example, it would be
necessary to narrow down the regression to specicic treatment-hormone models. For
example, to create an ABA specific model, application of a wide range of drought severities
would be ideal, because ABA is the main regulator of the drought stress response "® and
appears as a key hormone for separation of droughted plants in Figure 3, however this would
not be the optimal calibration dataset for another hormone. The PCA loadings based on
hormonal data alone (Figures 3b and 3d) show that in both leaf and xylem samples, tZ is a
key loading for separation along the axis PC1 in Figures 3a and 3b. Whilst leaf samples in
Figure 3b show a good distribution along PCAL, indicating a variety of leaf tZ levels, xylem
samples Figure 3a show overlapping clusters. This overlap indicates similarity of xylem sap
hormones concentrations across treatment categories, which explains why the xylem sap

models have poorer predictive levels than those based on leaf samples.

This trend was also consistent when models were created by treatment categories, in which
the hormone predictions based on xylem sap samples (Table 1) did not achieve as high a level
of accuracy as those based on freeze-dried ground leaves (Table 2); the high R? values
achieved in Table 2 indicate an excellent level of prediction from leaf samples. This effect
could also be attributed to the fact that these are liquid samples that were injected directly
into the HPLC-MS system without any previous extraction, and the higher variability
between xylem sap samples (Figure S5+). Refinements to the technique used for collecting
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xylem sap °! and concentrating the samples prior to analysis with UHPLC-HRMS could
improve the accuracy of xylem sap hormone quantification. Importantly, Tables 1 and 2 show
that it is possible to identify different hormones at the same time to a high accuracy, as these

models predicted all hormones in a row simultaneously.

Conclusions

In this study we present a method to predict hormone concentrations using ATR-FTIR
spectroscopic measurements and chemometrics, calibrated by UHPLC-HRMS. Once made,
the models generated can be applied to new ATR-FTIR spectral data in the absence of
UHPLC-HRMS data to predict plant hormone concentrations. As plant hormone
concentrations are a key physiological interface for modulation of plant responses in relation
to examined processes, the ability to predict them rapidly and non-destructively from spectral
data makes it a valuable tool for efficient physiological phenotyping. This methodology has
potential for application across a range of species as key plant hormones are conserved 2,
ATR-FTIR spectroscopy is a rapid and non-destructive tool, which although demonstrated
here using sample preparation, can also be used in planta %. Consequently, this method could
be used in the field to monitor plant hormones and other key signalling molecules produced
upon the perception of environmental stress. Biomolecular indications of stress can allow for
intervention before the occurrence of phenotypic change, thereby reducing waste, increasing
crop yield, and maintaining quality. As can be seen from the variation in R? values (Tables 1
and 2) however the accuracy of prediction varies between leaf and xylem sap and between
different hormones and environments, suggesting the choice of tissue and growth
environment is important when creating models, and would be improved through calibration

data.
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T Electronic supplementary information (ESI):

e Table S1: Lighting conditions within each Snijder cabinet.
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Figure S1: Spectra from a) ‘Light’ (LC, LD, LN, LLN) b) ‘Shade’ (SC, SD, SN,
SLN) cabinets, providing red: far-red ratios of 5.6 and 0.4 respectively.

Table S2: Reagents used for Hoagland’s solution.

Figure S2: Chromatogram and mass spectra for the hormone salicylic acid

Table S3: Hormone descriptions and molecular ion masses

Figure S3: (a) Raw and (b) pre-processed class means spectra in the fingerprint
region from xylem sap, (c¢) Raw and (d) pre-processed (Savitzky—Golay 2"
differentiation, n=9, and vector normalisation) class means spectra in the fingerprint
region from freeze-dried ground leaves.

Table S4: SVM parameters for classification.

Figure S4: Loadings from spectra of a) xylem sap and b) freeze-dried ground leaf
samples

Table S5: PCA-loadings and biomarkers: key wavenumbers and compounds, which
differentiate spectral profiles of plants from different growth conditions for both
xylem sap and freeze-dried ground sample types.

Figure S5: Hormone profiles from xylem sap in ng-ml? sap for a) 1-amino-
cyclopropanecarboxylic acid (ACC), b) trans-Zeatin (tZ), ¢) isopentyl-adenine (iP), d)
salicylic acid (SA), e) abscisic acid (ABA), f) jasmonic acid (JA), g) gibberellin Al
(GA1), gibberellin A4 (GA.), gibberellic acid (GA3), trans-zeatin riboside (tZR), and
indole-3-acetic acid (IAA).

Figure S6: Hormone profiles from freeze-dried ground leaves ng-g* dry weight for a)
1-amino-cyclopropanecarboxylic acid (ACC), b) trans-Zeatin (tZ), c) isopentyl-
adenine (iP), d) salicylic acid (SA), e) abscisic acid (ABA), f) jasmonic acid (JA), g)
gibberellin Al (GAy), gibberellin A4 (GA4), gibberellic acid (GAs), trans-zeatin

riboside (tZR), and indole-3-acetic acid (IAA).
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Figure S7: PLS regression graphs for prediction of plant hormones from xylem sap.
Validation was performed by Monte-Carlo cross-validation with 20% of samples left-
out for validation during 1000 iterations. All models were built using 10 latent
variables.

Figure S8: PLSR regression coefficients for prediction of plant hormones from xylem
sap.

Figure S9: PLS regression graphs for prediction of plant hormones from freeze-dried
ground leaves. Validation was performed by Monte-Carlo cross-validation with 20%
of samples left-out for validation during 1000 iterations. All models were built using
10 latent variables.

Figure S10: PLSR regression coefficients for prediction of plant hormones from
freeze-dried ground leaves.

Table S6: Number of latent variables (LVs) used to build the PLSR models between
different types of treatment and hormone levels for xylem sap and freeze-dried ground
(FDG) leaves. Higher number of LVs represents higher model complexity.

Data S1: Hormone concentrations measured by ultra-high-performance liquid
chromatography-high-resolution mass spectrometry and spectral absorbances
measured by attenuated total reflection Fourier-transform infrared spectroscopy for

freeze-dried ground leaf and xylem sap samples.
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