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ARTICLE INFO ABSTRACT

Keywords: Timely diagnosis of plant diseases and correct identification of etiological agents are fundamental to guarantee
Raman spectroscopy quality and quantity of agricultural products and food. Phytopathogenic bacteria induce devastating effects on
Dielectrophoresis

crops. Their diagnosis and identification, mainly based on serological and molecular tools, are time consuming
and expensive processes and require trained personnel. Among the innovative methods providing rapid, accu-
rate, and reliable diagnosis at reduced costs, Raman spectroscopy (RS) is gathering considerable attention. RS
provides a direct and non-destructive platform to gather information on the chemical and biochemical compo-
nents of a sample, such as microorganism cultures, revealing their biological role. Due to the weak signals of
bacterial cells in RS, a dielectrophoresis (DEP) approach was adopted to amplify the bacterial signals. Using
Raman-DEP analysis, a dataset of spectra from different harmful phytopathogenic bacteria belonging to the
genera Pseudomonas spp., Xanthomonas spp., and Erwinia spp. was obtained. Machine learning approaches were
employed to discriminate isolates at the genus, species, and unprecedentedly at the pathovar level, reaching
accuracies, precisions, recalls, and F1 scores of 94-100%. This approach offers important advancements in the
non-destructive and rapid classification of microorganisms and is suitable to be readily extended to environ-
mental and food diagnostics.

Machine learning
Plant pathogens
Diagnosis
Bacteria

1. Introduction entry of quarantine pathogens into new geographical areas.

Typically, diagnosis and identification of plant pathogens rely on

Food availability and security are threatened by the incessant in-
crease of the human world population, projected to reach over 9 billion
by 2050, and by several agricultural issues linked to global warming.
Among the latter, plant pests and diseases cause up to 40% of annual
crop losses, undermining yield and quality of agricultural products
(FAO, 2020; Savary et al., 2019; Baldi and La Porta, 2020). Furthermore,
the increased trade of agricultural goods, foodstuffs, and reproductive
plant materials promotes the spread of plant pathogens, namely bacte-
ria, viruses, and fungi. These issues compel to increase the efforts to limit
pathogen spread in order to guarantee food security and support the
sustainability of food sources. In this context, it is fundamental to ach-
ieve accurate and timely detection and identification of pathogens, to
limit the progression of new or already existing diseases and prevent the
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symptom evaluation, feasible only when tissue or organ alterations are
already evident or, alternatively with microscopic, serological,
biochemical, physiological, or molecular techniques (Venbrux et al.,
2023), characterized by different levels of sensitivity and technical
complexity. For culturable bacteria, these procedures involve the
extraction of proteins or nucleic acids employed for serological or mo-
lecular identification. However, these procedures require at least 3-5
days to be accomplished and, in case of nucleic acid detection methods,
further time for sequencing and sequence analyses should be added. As
these activities are time consuming, expensive, and require trained
personnel, new and innovative detection methods are sought, aimed at
shortening and simplifying the process, meanwhile preserving accuracy,
reliability, and sustainability (Fang and Ramasamy, 2015; Baldi and La
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Porta, 2020; Venbrux et al., 2023).

Recently, optical spectroscopy and imaging techniques have been
proposed as innovative strategies in agricultural diagnostics. These ap-
proaches include Raman spectroscopy (RS) as a direct label-free detec-
tion platform to rapidly analyze the whole chemical composition of a
biological matrix. RS measures the wavelength differences in scattered
light linked to vibration energy levels of chemical bonds after their
excitation (Tu and Chang, 2012). Among the various applications, RS
has been implemented for the detection and classification of bacteria
(Huang et al., 2010; Lu et al., 2011; Kusi¢ et al., 2015; Rebrosov4 et al.,
2017; Stockel et al., 2016; Ho et al., 2019; de Siqueira e Oliveira et al.,
2020; Brauer et al., 2022; Cui et al., 2022; Lorenz et al., 2022; Thomsen
et al., 2022; PM 7/20 Erwinia amylovora, 2022; Rebrosova et al., 2022;
Dragounova et al., 2023; Ogunlade et al., 2024). However, the low
Raman cross-section of bacterial cells (Rodriguez et al., 2023) imposes
to explore strategies that amplify the Raman signal intensity. Here, a
device based on dielectrophoresis (DEP) has been used as a particle
manipulation technique operating in liquid conditions, useful to
concentrate bacterial cells in the focal volume of a Raman microscope
and to amplify the intensity of the spectroscopic signal, as we previously
showed with human pathogenic bacteria (Barzan et al., 2020, 2022).

In the present work, we applied a combined Raman-DEP approach to
obtain a dataset of Raman spectra from phytopathogenic bacteria,
implementing deep learning methods to accurately identify the patho-
gens. Starting from the “Top-10 list” of phytopathogenic bacteria
(Mansfield et al., 2012), isolates belonging to the most important genera
Pseudomonas, Xanthomonas, and Erwinia were included, concentrating
on a few species whose spread in Europe is supervised by the European
Food Safety Authority (EFSA). Noteworthy, some of the organisms
considered in this work, i.e. Xanthomonas axonopodis pathovar (pv.)
phaseoli, Pseudomonas syringae pv. actinidiae, and Erwinia amylovora are
quarantine bacteria, recognized in the A2 list drawn up by the European
and Mediterranean Plant Protection Organization (EPPO) (https://
www.eppo.int/ACTIVITIES/plant_quarantine/A2 list). More specif-
ically, P. syringae pv. actinidiae is a harmful pathogen responsible for the
bacterial canker of kiwifruit trees which, together with the Kiwifruit
vine decline syndrome, concurs to determine heavy yield losses in
kiwifruit plantations (Scortichini et al., 2012; Vanneste, 2017). The list
also comprised isolates of E. amylovora, causing the fire blight disease of
rosaceous fruit plants (such as apple, pear, and quince) and affecting
various ornamental plants (Fire Blight, 2000; Katuzna et al., 2016). As
climate change favors the spread of this disease, more frequent and
stringent phytosanitary controls are necessary, specifically on vegeta-
tively propagated material (dormant buds and scions) which represent
long-term survival sites for this pathogen (EPPO Bulletin, 2022). Be-
sides, two harmful pathogens of bean, i.e. P. syringae pv. phaseolicola,
responsible for the halo blight disease, causing up to 43% of crop losses
(Prosen et al., 1993) and X. axonopodis pv. phaseoli, inducing the brown
spot disease were also considered in this study, with the intent of
discriminating different pathogens affecting the same crop. Due to the
deep classification of certain bacterial species into pathovars, machine
learning techniques were applied to maximize the discrimination
potential.

Overall, the Raman-DEP method adopted allowed us to reach high
levels of accuracy in the distinction of bacteria at the genus, species, and
even pathovar level, and can be proposed as a successful strategy for
discriminating and identifying bacteria of different living environments.

2. Materials and Methods
2.1. Dataset description

The reference dataset used in this study consisted of 39 Gram-
negative bacteria, including multiple isolates belonging to three

different genera (Pseudomonas, Xanthomonas, and Erwinia) and 11
different taxonomic groups. The detailed list of the isolates is provided
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in Table 1. For each genus, two bacterial species were included, i.e. (a)
P. syringae and P. marginalis, (b) X. arboricola and X. axonopodis, and (c)
E. amylovora and E. herbicola. P. marginalis, E. amylovora, and E. herbicola
were represented at the species level, while for the other species path-
ovars were also included, i.e. (a) four pathovars for P. syringae (pha-
seolicola, actinidiae, morsprunorum, and syringae), (b) two for
X. arboricola (corylina and juglandis), (c) and one for X. axonopodis
(phaseoli). All bacterial isolates were identified using Polymerase Chain
Reaction (PCR), according to the EPPO guidelines (see Table 1 for
details).

2.2. Characterization of bacterial isolates using the DEP-Raman device

For each isolate, a single colony was picked from a fresh agar plate
and inoculated into 5 ml of low salt Luria broth (LS-LB) (tryptone, 10 g;
NacCl, 5 g; yeast extract, 5 g/1 deionized water) and cultured overnight at
26 °C with shaking at 180 rpm. Following centrifugation (6000 rpm, 10
min, 4 °C), the bacterial pellet was washed three times with phosphate-
buffered saline (PBS) solution and resuspended in 0.5 x PBS, until ODggo
of 0.3 was reached.

The DEP cell coupled to the Raman microscope was as previously
described (Barzan et al., 2020), with slight modifications. Briefly, the
DEP cell consisted of a chamber formed by poly-tetrafluoroethylene
(PTFE) lateral walls and a glass coverslip top, through which the sam-
ple was analyzed. The bottom of the cell was an active glass chip with a
quadrupole of gold electrodes, in the middle of which the lowest electric
field density was reached. Electrodes were biased with alternate voltage
of 1 MHz frequency and 5 V peak-to-peak amplitude. After voltage
application, the resulting negative DEP forces induced agglomeration of
bacterial cells in the middle of the chip below the confocal volume in less
than 15 s, saturating the Raman spectral amplitudes. To avoid sampling
biases and to multiply the number of cells analyzed, for each sample,
different aliquots were injected in the DEP cell, and analyzed separately.

Bacterial cells were observed using a DXR™ Raman confocal mi-
croscope (Thermo Scientific) in a 180° backscattering configuration,
equipped with an excitation laser (532 nm wavelength, 20 mW power)
for a total exposure time of 1 min per spectrum. Each spectrum consisted
of 60 averaged acquisitions of 1 s each. For each aliquot, at least five
spectra were acquired. Spectra were gathered with the dispersive Raman
system having a mean spectral resolution of 5 cm™! in the range of
3100-500 cm’l, collecting 3489 points per spectrum. A 60 x water
immersion microscope objective with a numerical aperture of 1.1
(Olympus LUMFLN-W) was used. In these conditions, the lateral reso-
lution of the microscope was estimated to be approximately 0.5 pm,
while the collection of the confocal volume of the Raman microscope
accounted to approximately 3.0 pm® (Sacco et al., 2021). Spectral cali-
bration of the Raman microscope was performed before each measure-
ment session to guarantee reproducibility; for this, the emission
wavelengths of a neon lamp were measured and compared to tabulated
data for spectral frequency (Raman shift); in addition, the fluorescence
spectrum of a traceable artifact (ASTM E1840-96, 2014) stimulated by
the excitation laser for spectral intensity was acquired (Satterfield et al.,
2008). Spectra were obtained in several measuring sessions to take into
consideration potential instrumental variability. In particular, four
different experiments were conducted; in each experiment, a represen-
tative set of the isolates was analyzed, including every time a biological
replicate of a previously tested isolate, to prevent possible batch effects.

2.3. Data analysis and multivariate modeling

Before multivariate analysis, spectra were subjected to a pre-
processing step. First, the data were cropped to a wavenumber range
of [700; 1750] ecm™!, focusing the model on the “fingerprint” spectral
region. Then, a smoothing step was performed on each spectrum with
second order Savinsky-Golay filtering, using a 11-points window. Mul-
tiplicative scatter correction (MSC) was then utilized to uniform the
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Table 1
List of bacterial isolates used in the present study.
Genus species pathovar Geographical origin Plant of isolation Tissue Genotyping
Pseudomonas syringae phaseolicola Piedmont, Italy Phaseolus vulgaris leaf Audy et al., 1996; Prosen et al. (1993)
Piedmont, Italy Phaseolus vulgaris leaf
Piedmont, Italy Phaseolus vulgaris leaf
Piedmont, Italy” Phaseolus vulgaris leaf
China® Phaseolus vulgaris seed
Pseudomonas syringae actinidiae Piedmont, Italy Pyrus communis stem Gallelli et al. (2011); Koh and Nou (2002)
Piedmont, Italy Actinidia chinensis leaf
Piedmont, Italy Actinidia chinensis leaf
Veneto, Italy Actinidia chinensis leaf
Veneto, Italy Actinidia chinensis leaf
Piedmont, Italy Actinidia chinensis necrotic branch Rees-George et al. (2010)
Pseudomonas syringae morsprunorum Piedmont, Italy Prunus avium leaf Kaluzna et al., 2016
Piedmont, Italy Prunus avium stem
Worcestershire, UK Prunus avium leaf Plant Health Solutions Ltd
Worcestershire, UK Prunus avium leaf
W. Sussex, UK Prunus avium leaf
Oxfordshire, UK Prunus avium leaf
W. Sussex, UK Prunus domestica leaf
Worcestershire, UK Prunus domestica leaf
Pseudomonas syringae syringae Piedmont, Italy” Pyrus communis stem Sorensen et al. (1998)
Piedmont, Italy Prunus armeniaca branch
Warwickshire, UK Prunus sp. shoot Plant Health Solutions Ltd
Worcestershire, UK Prunus avium leaf
W. Sussex, UK Prunus avium leaf
Worcestershire, UK Prunus domestica leaf
Worcestershire, UK Prunus domestica leaf
Pseudomonas marginalis - Piedmont, Italy Lactuca sativa leaf Ravatn et al. (1998); Lane (1991)
Piedmont, Italy Lactuca sativa leaf
Xanthomonas arboricola corylina Piedmont, Italy Corylus avellana stem Lane (1991)
Xanthomonas arboricola juglandis Piedmont, Italy Juglans regia leaf Mbega et al. (2012)
Xanthomonas axonopodis phaseoli Hungary Phaseolus vulgaris N/A Ravatn et al. (1998)
Erwinia amylovora - Piedmont, Italy Malus domestica stem EPPO PM7/20(3) Appendix 9
Piedmont, Italy Pyrus communis stem
Erwinia herbicola - Piedmont, Italy Corylus avellana branch Audy et al., 1994; Ravatn et al. (1998)

 This isolate was tested in two different experiments.

dataset (Geladi et al., 1985), followed by baseline correction by asym-
metric least squares smoothing on each spectrum (FEilers and Boelens,
2005), with p = 102 asymmetry and A = 10° smoothness parameters.
Data were then normalized (12 normalization) and mean centered.
Standardization (i.e. rescaling variables to unit variance) was not
applied to preserve the useful information on intensities, since these are
directly proportional to the amount of substance in the bacteria.

Multivariate analysis was performed with the scikit-learn Python
library (Pedregosa et al., 2011). Classification was achieved by treating
the data with dimensionality reduction by partial least squares (PLS, a.k.
a. projection to latent structures) (Wold et al., 2001) before using the
support vector machine (SVM) technique for classification (Cortes and
Vapnik, 1995). PLS was utilized only for decomposition to a more
compact set of variables, without the regression or classification step
usually performed after this (i.e. PLS regression or PLS discriminant
analysis).

After preprocessing and before PLS-SVM, the dataset was split into a
training set and a test set. The training set was used to construct the
models, evaluate their performances with different approaches and
establish the hyperparameters resulting from each of the models. Models
with optimized parameters were then applied to the test set of data,
consisting in all cases, of 20% of the total dataset. Test data in this phase
was extracted from the total dataset proportionally from each class and
isolate (in a process also known as stratification). One hundred rounds of
randomly-folded 5-fold cross validation were averaged to calculate the
performance in the training phase. The output of these analyses was
obtained based on several commonly employed metrics during the
training and after the test step, i.e. accuracy, precision, recall, and F1
score (Powers, 2008).

In order to test the robustness of the model in a stricter way, an
identification step was also performed on the dataset. Identification was
done on spectra taken on independent isolates: this was achieved in this

work by excluding an isolate of each pathovar from the starting dataset
— based on acquisition date and number of spectra — so that a model
could built on approximately 80% of the dataset, and use strains not
included in model construction (training/identification data points ratio
~4:1).

3. Results and discussion
3.1. Dataset acquisition

The Raman dataset considered in this work consisted of 5-15 spectral
acquisitions for each of the bacterial isolates. Overall, 34 isolates of
Pseudomonas, three of Xanthomonas, and two of Erwinia were analyzed,
forming a dataset of 323 spectra (Table 1).

3.2. Model construction

The construction of the model aimed at maximizing the classification
results with the least amount of model complexity and degrees of
freedom, testing the validity of the Raman-DEP discrimination approach
at different taxonomic levels, and producing models with the highest
level of robustness, as complex models are usually more prone to
overfitting. The three models described differ in the number of PLS
variables (latent variables, henceforth named LVs in the text) and in the
functions used in the SVM kernels. Models were considered less complex
as the number of LVs employed was lower, and a linear kernel function
was less prone to overfitting than a radial basis function (rbf).

The hyperparameters of the final preprocessing pipeline and the
models were selected maximizing accuracy, precision, recall, and F1
score in the training phase. A balance in the metrics was sought in the
validation step before applying the models to the test data, although
there was no particular trend leading to clearly distinguishing the
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models.

3.3. Classification at the genus level

The first goal of this research was to evaluate the performances of the
Raman-DEP procedure in the discrimination of phytopathogenic bacte-
ria belonging to different genera. Specific signals obtained with the
Raman-DEP device were considered, selecting the molecular fingerprint
region between 700 and 1750 cm~!. The mean spectra obtained differed
between the isolates based on their genera and, in particular, isolates
classified as Erwinia spp. had the most distinctive pattern (Fig. 1a). The
different patterns obtained were related to the chemical assignments of
the bands of the most distinctive peaks for each genus, such as C-N,
tyrosine, and s v2(C-C; carotenoids) signals (Table 2).

More specifically, as shown in Fig. 1a, the spectra could be distin-
guished based on the relative intensities of all the most significant bands,
included but not limited to the most Raman active peaks corresponding
to amino acids, lipids, DNA, cytochrome, and carotenoids. In particular,
the averaged Raman spectrum of Erwinia isolates is characterized by
very pronounced carotenoids peaks (1526 cm™!, 1157 cm™'), which
appear less intense and only barely visible in the spectra of Xanthomonas
and Pseudomonas, respectively. On the other side, the averaged spectrum
of Xanthomonas isolates is characterized by a strong C-N, cytosine, uracil
peak (1128 cm’l), which is also evident in the case of Pseudomonas, but
appears weak in the spectrum of Erwinia. Furthermore, the cytochrome
peak (748 cm™ 1), which is fairly intense in the spectra of Xanthomonas
and Pseudomonas, is only barely visible in the case of Erwinia.
Conversely, the averaged spectrum of Pseudomonas is characterized by
several additional important peaks, such as DNA (783 cm™!), phenyl-
alanine (1003 cm 1), amide IIT (1233 cm™ 1), cytosine, adenine, uracil,
(1306 ecm™), Scy, tryptophan, adenine, guanine (1337 cm ™D, ScH2
(lipids) (1454 cm’l), m 8(CH2) and §(CH3) (1481 cm’l), adenine,
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guanine (1580 cm 1) and amide 1 (1659 cm™1). To evaluate if isolates
belonging to the same genus could be distinguished based on Raman
spectra analysis, a PLS-SVM classification method was used. Simpler
methods would also be appropriate, but the PLS-SVM classification
method was already applied in other, finer classifications. Specifically, a
three class model (Pseudomonas, Erwinia, and Xanthomonas) SVM linear
kernel with three LVs was applied. The score plots of the PLS model in
the area defined by the LVs are shown in Fig. 1b, providing a clear
indication of the specificity and sensitivity of the model. The classifi-
cation results of the cross-validation test indicate that the model allows
the classification of the spectra at the genus level, with 100% accuracy
and 100% precision (Table 3).

3.4. Classification at the species level

Furthermore, we intended to evaluate if the procedure could
discriminate between bacterial isolates belonging to different species
within the same genus. The analysis was conducted on isolates of
Pseudomonas, selected as it included the most abundant number of iso-
lates in our list. The average spectra for two Pseudomonas species are
depicted in Fig. 2a. In this case, the differences between the groups are
less evident, but it is still possible to discern discrepancies in some bands
ratios, such as those associated to tryptophan and amides compared to
those associated to DNA. In particular, the averaged Raman spectrum of
P. marginalis is characterized by a strongly pronounced cytochromepeak
(747 cm™Y), higher than the corresponding peak in the P. syringae
spectrum. Conversely, the P. syringae spectrum is characterized by larger
peaks of DNA (783 cm_l), Phenylalanine and carotenoids (1003 cm_l),
C-N, P (1098 cm™ 1), amide IIT (1233 em™), C, A, U (1306 cm ™), 8CH,
Trp, A, G (1337 cmfl), 8CH2(Lipids) (1454 cm’l), m &§(CH2) and
S(CH3) (1481 cm™!) and amide I (1659 cm ™). Noteworthy, the main
inter species differences are the dominant source of the intra genus
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Fig. 1. Raman spectra of phytopathogenic bacteria belonging to the three genera Pseudomonas, Erwinia, and Xanthomonas. a) Average Raman spectra of the isolates
classified as Pseudomonas (245 acquisitions, blue), Erwinia (51 acquisitions, orange), and Xanthomonas (30 acquisitions, green), normalized to the maximum at 1126
em !, 1526 cm ™!, and 1128 cm ™, respectively. Spectra were preprocessed as detailed in the Materials and Methods section. The grey areas depict the variations of
the measured spectra (mean + 1.96 x standard error of the mean). b) Classification by PLS-SVM model with three latent variables. (For interpretation of the ref-
erences to colour in this figure legend, the reader is referred to the Web version of this article.)
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Table 2
Raman band assignment for phytopathogenic bacteria.
Assignment Pseudomonas Erwinia spp.  Xanthomonas Reference
Spp- Spp-
Amide I 1665-75 1666 1669 1669 (Turano et al., 1976);
Amide I 1659 1653 1655 1660 (Deng et al., 1993);
A G 1580 1580 1582 1580 (Manoharan et al., 1990), 1575-1580 (Lorenz et al., 2022);
s v1(C=C) (Carotenoids) 1534 1526 1530 1153-1157 (Lorenz et al., 2017);
m 8(CH,) and 5(CH3) 1481 1481 1480 1483 (Mansfield et al., 2012, Manoharan et al., 1990);
S8CH,, (Lipids) 1454 1460 1460 1458 (Turano et al., 1976);
OCH, Trp, A, G 1337 1337 1338 1333-1331-1337-1338-1339 (Cialla et al., 2009; Turano et al., 1976);
C, AU 1306 1306 1307 1296-1305 (Turano et al., 1976);
Amide IIT 1233 1229 1231 1230-1300 (Ruokola et al., 2014; Turano et al., 1976);
Tyr, Phe, CH3 1171 1173-1186 1171 1178 (Turano et al., 1976); 1156-1176 (Reilly and Thomas, 1994);
s v2(C-C) (Carotenoids) 1152 1157 1150 1500-1550 (Lorenz et al., 2017);
CN,C, U 1126 1128 1128 1127 (Turano et al., 1976), 1125 (Deng et al., 1993);
C-N, P 1098 - 1102 1100 (Turano et al., 1976), 1091 (Ruokola et al., 2014);
Phe and C-CH3 1003 1005 1001 1000-1005 (Turano et al., 1976),

(Carotenoids) 1003 (Ruokola et al., 2014), 1004 (Lorenz et al., 2017), 1004 (Lorenz et al., 2019);
Amide III, Tyr, ribose 972 - 970 960-978 (Ruokola et al., 2014), 971 (Cialla et al., 2009), 982 (Deng et al., 1993);
C-C, C-N 920 930 926 938 (Turano et al., 1976), 931 (Cialla et al., 2009), 932 (Deng et al., 1993);

P 812 818 818 812 (Turano et al., 1976), 811 (Ruokola et al., 2014);
C, U, T, Trp, His, Thr 783 786 785 785 (Turano et al., 1976), 771 (Cialla et al., 2009),770 (Deng et al., 1993), 783 (Ruokola
et al., 2014);
cyts 747 748 748 747 (Lorenz et al., 2019), 748 (Lorenz et al., 2022);
C-S, A 724 722 — 723-726 (Turano et al., 1976);
Table 3 v T d T ’ T T T T T T

PLS-SVM classification to distinguish bacterial isolates at the genus level.
Confusion matrix of a) training data and b) test data.

a)

Training data

Actual values

Pseudomonas Erwinia Xanthomonas
Predicted values Pseudomonas 195 0 0
Erwinia 0 41 0
Xanthomonas 0 0 24
b)
Test data Actual values
Pseudomonas Erwinia Xanthomonas
Predicted values Pseudomonas 50 0 0
Erwinia 0 10 0
Xanthomonas 0 0 6

variance in the averaged spectrum of the Pseudomonas (Fig. 1).

At the same time, in the comparison between species, a PLS-SVM
classification method, with a two class model (P. syringae and
P. marginalis) SVM linear kernel after a two LVs PLS dimensionality
reduction was applied. The score plots of the PLS model in the area
defined by the LVs are represented in Fig. 2b. As shown in the classifi-
cation results of the cross-validation test, the model allowed to classify
Pseudomonas isolates at the species level, with 100% accuracy and 100%
precision (Table 4).

3.5. Classification at the pathovar level

The most ambitious goal of this work was to discriminate isolates
belonging to different pathovars, within the same species. For this, we
focused on isolates classified as P. syringae belonging to four different
pathovars. Fig. 3a shows the mean spectra obtained from all the ac-
quisitions of the available isolates. In this case, it was not possible to rely
on signal ratios or peak positions to discriminate the classes when
spectral variability is taken into consideration, and machine learning
approach was necessary.

Following evaluation of the spectra with a PLS-SVM classification
method, a four class model (P. syringae pv. morsprunorum, P. syringae pv.
actinidiae, P. syringae pv. phaseolicola, and P. syringae pv. syringae) SVM

a) | |—P. syringae
P. marginalis

Raman intensity / arb.u.
1
1

800 1000 1200 1400 1600

Wavenumber / cm™
b) 175 .

® I’ syringae
© P marginalis|

LV1 (13.38%)

Fig. 2. Raman-DEP spectra of phytopathogenic bacteria belonging to the two
species of the Pseudomonas genus, i.e. P. syringae and P. marginalis. a) Average
Raman spectra of 230 acquisitions of P. syringae (blue) and 15 of P. marginalis
(green), normalized to the maximum at 1126 cm~ !, and 749 ecm ™}, respectively.
Spectra were pre-processed as described in Materials and Methods. The grey
areas depict the variations of the spectra (average + 1.96 x sem). b) Classifi-
cation by PLS-SVM model with two latent variables. (For interpretation of the
references to colour in this figure legend, the reader is referred to the Web
version of this article.)
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Table 4

PLS-SVM classification to distinguish bacterial species within the genus Pseu-
domonas. Confusion matrix of a) training data and b) test data.

a)

Training data

Actual values

P. syringae P. marginalis
Predicted values P. syringae 184 0
P. marginalis 0 12
b)
Test data Actual values
P. syringae P. marginalis
Predicted values P. syringae 46 0
P. marginalis 0 3

with a radial basis function (rbf) kernel, on a PLS-reduced dataset with
three LVs was applied. The score plots of the PLS-SVM model in the area
defined by the LVs are shown in Fig. 3b. In this case, the classification
results of the cross-validation test showed that the model could classify
isolates at the pathovars level with 93% accuracy, 95% precision, and
96% recall (F1 score: 95%) on external data with most outliers being P.s.
pv. syringae erroneously classified as pv. morsprunorum (Table 5). The
genus Pseudomonas is the largest genus of Gram-negative bacteria and,
in particular, the P. syringae species complex includes several species
taxonomically closely related (Bull et al., 2010). The inaccurate classi-
fication of P.s. pv. morsprunorum and pv. syringae could be associated
with their closer chemical affinity, possibly linked to their pathoge-
nicity, in fact, as both these pathovars induce the bacterial canker of

—— P. s. phaseolicola
P. s. morsprunorum
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sweet cherry (Prunus avium) (Bultreys and Kaluzna, 2010). Although the
Pseudomonas classification is continuously revisited thanks to new
genome sequence analysis (Gomila et al., 2017, Lalucat et al., 2022), the
procedure described in this study adds different elements useful for
rapid and economic diagnostic classification of these pathogens.

The robustness of the method was then further verified for pathovars
in a validation step. This was performed by training a model with the
same multivariate techniques, hyperparameters and spectral pre-
processing pipeline, but in this case excluding one isolate for each
pathovar for training, effectively constructing an independent verifica-
tion dataset of similar size to the previous test set. The results are
comparable to the ones from the test phase, and are shown in Table 6:
the model classified the four pathovars in the verification dataset with
95% accuracy, 96% precision, and 94% recall, hence a F1 score equal to
95%.

A summary of the results of the classification models to distinguish
genus, species and pathovar is shown in Table 7.

4. Conclusions

Bacterial identification most commonly relies on the use of con-
ventional microbiological methods consisting in the cultivation on
specific culture media, followed by morphological, physiological, and
biochemical tests or on the use of molecular approaches, mainly based
on PCR or its modifications, followed by sequencing (Franco-Duarte
etal., 2019). Different approaches relying on mass spectrometry, such as
MALDI-TOF MS (Ashfaq et al., 2022) and electrospray ionization
(ESI)-MS (Sampath et al., 2007) and RS (Stockel et al., 2016; Cui et al.,
2022) are also under investigation for rapid and low labor applications
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Fig. 3. Raman-DEP spectra of Pseudomonas syringae isolates of different pathovars. a) Average Raman spectra of 66 acquisitions of P. s. pv. morsprunorum (blue), 31
acquisitions of P. s. pv. actinidiae (orange), 45 acquisitions of P. s. pv. phaseolicola (green), and 88 acquisitions of P. s. pv. syringae (red), normalized to the maximum
at 1661 cm ™! for P. s. pv. morsprunorum, and 1126 cm ™! for P. s. pv. actinidiae, P. s. pv. phaseolicola, and P. s. pv. syringae. Spectra were preprocessed (see Materials
and Methods). The grey areas depict the variations of the measured spectra (mean + 1.96 x sem). b) Classification by PLS-SVM model with three latent variables.
(For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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Table 5

Biosensors and Bioelectronics: X 23 (2025) 100595

PLS-SVM classification to distinguish bacterial pathovar of Pseudomonas syringae in the test step. Confusion matrix of a) training data and b) test data.

a)

Training data Actual values

P. s. pv. morsprunorum

P. s. pv. actinidiae P. 5. pv. phaseolicola P. s. pv. syringae

Predicted values P. s. pv. morsprunorum 43 0 0 10
P. s. pv. actinidiae 0 25 0 0
P. 5. pv. phaseolicola 1 0 35 0
P. s. pv. syringae 0 0 0 70

b)

Test data Actual values

P. s. pv. morsprunorum P. s. pv. actinidiae P. s. pv. phaseolicola P. s. pv. syringae

Predicted values P. s. pv. morsprunorum 13 0 0 3
P. s. pv. actinidiae 0 6 0 0
P. s. pv. phaseolicola 0 0 9 0
P. s. pv. syringae 0 0 0 15

Table 6

PLS-SVM classification to distinguish bacterial pathovar of Pseudomonas syringae in the external verification step. Confusion matrix of a) training data and b) test data.

a)

Training data Actual values

P. s. pv. morsprunorum

P. 5. pv. actinidiae P. 5. pv. phaseolicola P. s. pv. syringae

Predicted values P. s. pv. morsprunorum 48 0 0 10
P. s. pv. actinidiae 0 25 0 0
P. s. pv. phaseolicola 1 1 35 0
P. s. pv. syringae 1 0 0 70

b)

Test data Actual values

P. s. pv. morsprunorum P. s. pv. actinidiae P. s. pv. phaseolicola P. s. pv. syringae

Predicted values P. s. pv. morsprunorum 5 0 1 1
P. s. pv. actinidiae 0 6 0 0
P. 5. pv. phaseolicola 2 0 7 0
P. s. pv. syringae 0 0 0 17

Table 7
PLS-SVM classification to distinguish bacterial isolates based on genus, species
or pathovar.

Accuracy  Precision  Recall F1
Score

Genera (3) Training data 100 100 100 100

Test data 100 100 100 100

Species (2) Training data 100 100 100 100

Test data 100 100 100 100

Pathovars (4) Training data 94 96 95 95

Test step Test data 93 95 96 95

Pathovars (4) Training data 92 94 93 93

Verification Verification 95 96 94 95
step data

in diagnostic assays technologies.

The RS-based procedure developed in this study allowed to minimize
the sample handling steps and reduce the processing time, thus avoiding
nucleic acid extraction procedures and the use of sequencing services or
in alternative avoid the extraction of proteins and the use of serological
reagents. To increase the sensitivity of RS, a confocal Raman microscope
was combined to a DEP cell permitting a successful discrimination of
phytopathogenic bacteria at the pathovar level. This label-free tech-
nique allowed to elucidate the chemical composition (nucleic acids,
proteins, lipids, pigments, and carbohydrates) of pure bacterial cultures,
using a minimal amount of sample in a single measurement.

We demonstrate that it is possible to discriminate at the genus and
species level dangerous bacterial pathogens affecting high value crops

with accuracy and precision greater than 93%, indicating that Raman-
DEP is a promising approach for a faster diagnosis of plant pathogenic
bacteria. Moreover, within the P. syringae complex, which includes more
than 60 pathovars (Bull et al., 2010), each one infecting a specific group
of host plants, we succeeded to differentiate isolates belonging to four
different pathovars, with accuracy, precision and recall greater than
94%.

For a wider application of this technique in plant pathology, larger
datasets including bacterial isolates with diverse pathogenicity features,
higher genetic diversity, differential susceptibility to antibiotics or
bacteriophages, and different growth conditions would be needed.
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