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ABSTRACT: The detection and classification of lipopolysacchar-
ides (LPS), pivotal constituents of Gram-negative bacteria, are
fundamental to the progression of biosensing technologies in fields
such as healthcare, environmental monitoring, and food safety. This
study presents an innovative approach utilizing a panel of glycan-
selective lectins in conjunction with surface plasmon resonance
(SPR) providing a novel perspective on the evolution of biosensors
within the context of the ongoing tension between the highly
selective, one-probe-one-target methodology and the broader,
resource-intensive approach that integrates complex and costly technological tools into the biosensing discipline. Guided by the
principles of lean development, we employed a panel of lectins to construct multiprobe detection profiles, thereby facilitating the
precise classification of LPS variants while minimizing both variability and resource expenditure. Advanced machine learning
techniques were applied to optimize feature selection and enhance classification accuracy, demonstrating that a minimal set of four
lectins sustains exceptional predictive performance. This synergy between traditional affinity techniques and data science enhances
assay engineering efficiency, scalability, and integration into routine workflows, supporting frontline pathogen monitoring. This
innovative approach holds promise for addressing global health challenges, providing more profound insights into biosensing
methodologies, and expanding pathogen screening networks closer to the public and health safety management bodies.

1. INTRODUCTION
Biosensors are crucial for detecting and distinguishing
biomolecular species across vital scientific fields such as
healthcare,1−3 environmental monitoring,3−7 and food
safety.8,9 In the evolving field of biosensor development, lean
development principles have become increasingly important
for optimizing assay efficiency and effectiveness. Lean
principles emphasize the reduction of waste and the iterative
enhancement of processes, which are crucial for the rapid and
cost-effective development of bioanalytical methods.10,11 The
need for reliable metrics is paramount to enable decision-
makers and researchers to monitor bioassay performance,
control risks, and track processes over time. Furthermore, these
metrics must be economically feasible and seamlessly
integrable into routine workflows so frontline staff are able
to utilize bioassays similarly to how they conduct daily
monitoring of patients, environment, or market products.12

There is substantial interest in developing novel approaches
to address these challenges, especially for the diagnostics of
infectious diseases, a burden for global health causing millions
of deaths every year.13 In addition to the need for novel
methods to detect bacterial pathogens, growing attention has
been directed toward understanding the role of bacterial
components such as lipopolysaccharides (LPS).14−17 LPS are
important outer membrane components of Gram-negative

bacteria; they not only serve as markers of infection but also
play a key role in triggering inflammatory responses in the
human body.18 They are particularly important in the context
of gut health, where they contribute to complex disease
mechanisms through bacterial interactions with the gastro-
intestinal tract.19−21 Given the dual significance of LPS for
both pathogen detection and their impact on human health,
innovative biosensing technologies that can accurately and
efficiently measure these components are essential. Such
technologies must be capable of distinguishing between
bacterial species based on LPS profiles while also providing
insights into how these components influence broader health
outcomes.

Advances in macromolecular engineering have led to the
development of specific antibodies to target some of the main
bacterial LPS.22,23 However, despite these advances, batch-to-
batch variability in biosynthesis and limited macromolecular
stability after extraction processes can lead to significant
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variations in results and affect subsequent decision-making
from these antibody-based methods.24,25 Additionally, anti-
body probes often require constant redesigning due to target
adaptation.26,27 These challenges underscore the need for more
robust, adaptable, and efficient techniques capable of offering
real-time, precise, and high-throughput analysis of bacterial
components like LPS.

The approach shown in this work aims to demonstrate that
it is possible to dispense with highly specific molecular probes
such as antibodies and to rely on a set of probes with lower
specificity but, above all, variable specificity for different
targets. We also want to show that the multiplicity of probe
signals, insomuch as they differ between molecular targets, can
be leveraged using statistical methods to discriminate between
them with a single probe panel. We adopted a lean approach,
using a panel of lectins covering a broad spectrum of glycan
affinities, to iteratively guide the development of a novel
method for detecting lipopolysaccharides (LPS). This
approach leverages the intrinsic interactions between LPS
glycans and glycan-selective lectins,28−30 providing a more
flexible and scalable solution for bacterial pathogen monitor-
ing. This method uses surface plasmon resonance (SPR), a
sensitive and label-free platform31,32 able to accommodate
multiple affinity probes and that has been proven effective as a
rapid, specific, and noninvasive sensing technique for bacterial
pathogen detection.33−35 The democratization of computa-
tional techniques and advances in machine learning also
empower the development of classification sensing approaches
using panels of multiple probes. To this end, a machine
learning-assisted decision scheme has been devised from
existing models to improve the classification accuracy of our
approach through feature selection modality.

Our approach aims to increase the synergy between
traditional affinity binding techniques and modern data science
tools. By guiding the development of classification methods
through machine learning, we aim to achieve both simplicity
and precision in bioassay design. This combination of lean
principles, advanced affinity measurement techniques, and
data-driven insights paves the way for more efficient and
accurate biosensing tool development.

2. MATERIALS AND METHODS
2.1. Reagents. All chemicals were analytical reagent grade

and used as received. Milli-Q water (18 mΩ) was used
throughout this work. Afficoat, an antifouling peptide, was
purchased from Affinite ́ Instruments (Montreál, Canada). N-
(3-(dimethylamino)propyl)-N′-ethylcarbodiimide hydrochlor-
ide (EDC), N-hydroxysuccinimide (NHS), sodium acetate,
and ethanolamine were purchased from Sigma-Aldrich (Oak-
ville, Canada). Phosphate buffer solution pH 7.4 (1X PBS) was
purchased from Corning (Corning, US). Biotinylated lectins
Concanavalin (ConA), Glycine max agglutinin (SBA), Triticum
vulgaris agglutinin (WGA), Dolichos biflorus agglutinin (DBA),
Ulex europaeus agglutinin (UEA I), Ricinus communis agglutinin
(RCA), and Arachis hypogea agglutinin (PNA) were
purchased from Vector Laboratories (Newark, US). Phenol
extracted LPS from E. coli O55:B5 (CDC 1644-70), E. coli
O111:B4 (private source), K. pneumoniae (ATCC 15830), P.
aeruginosa (ATCC 27316), and S. enterica (ATCC 7823) were
purchased from Sigma-Aldrich (Oakville, Canada).
2.2. Instrumentation. All SPR measurements were

conducted using a 4-channel portable SPR (Model P4SPR,
Affinite ́ Instrument, Canada). The instrument’s Dove prism

enables wavelength-resolved plasmon shift measurements in
real-time while minimizing the number of mechanical
components. Briefly, the light from four coaligned and
collimated LEDs is sent into the Dove prism supporting a
thin gold layer deposited over a chromium adhesion layer. The
beams emerging from the prism are directed through a
polarizer (p or s polarization), collected by four optical fibers
equipped with ball lenses (to maximize light collection
efficiency), and transmitted to a compact grating spectropho-
tometer equipped with a CCD detector. The fluidic
component, positioned on top of the prism, comprises four
channels that can be probed separately or in sequence by
controlling electrical power to the four LEDs. Various channel
configurations are possible, such as a 3 + 1 configuration where
one channel serves as a reference while the others are used as
replicates, or a 4-channel configuration, where each individual
channel can be functionalized with a different binding
molecule.
2.3. Gold Deposition. Dove prisms (BK7 glass, Affinite ́

Instrument, Canada) are first soaked in piranha solution (1:3
hydrogen peroxide and sulfuric acid), thoroughly rinsed with
water, and then soaked in aqua regia (1:3 nitric acid and
hydrochloric acid) to remove any remaining contaminants.
After being thoroughly rinsed with water, prisms are soaked in
soapy water, Milli-Q water, acetone, and isopropanol for 10
min each and finally dried with a stream of nitrogen gas. Prisms
are placed in a physical vapor deposition (PVD) vacuum
chamber, and 2 nm of chromium followed by 48 nm of gold is
deposited. The layer thickness is measured with a quartz crystal
microbalance (QCM).
2.4. Gold Surface Functionalization. The gold surface is

first functionalized with a peptide designed to reduce
nonspecific adhesion.36 This 19-amino acid peptide carries a
thiol function (3-mercaptopropionic acid) at the N-terminus,
enabling the molecule to have a carboxylic acid function
available for subsequent reactions. 4−5 droplets of a 100 μg/
mL solution of Afficoat dissolved in DMF are deposited onto
the gold surface and left to sit for 16 h before the prism is
rinsed thoroughly with Milli-Q water and ethanol. The SPR
shift is measured before and after this step to confirm proper
prism functionalization [Figure S1 in Supporting Information
(SI)]. Subsequent coupling reactions on the gold surface are
carried out directly on the P4SPR using a 3 + 1-channel fluidic
chamber connected to syringes, which enables the monitoring
of surface mass transfer in real time. This chamber is equipped
with two independent circuits, one for triplicate LPS detection
and a second for monitoring surface integrity at each stage
from functionalization to detection. The latter circuit is subject
to the same conditions as the former, except for immobiliza-
tion of molecular probes and injection of LPS, for which the
buffers corresponding to these steps are injected. After a
baseline is recorded for Milli-Q water, the activation of the
carboxylic acid moiety with a 1:1 EDC (400 mM) and NHS
(100 mM) mixture is carried out for 10 min, after which
rinsing with acetate buffer (10 mM, pH 4.5) is performed to
eliminate the unbound reagents. Injection of a 50 μM lectin
solution in acetate buffer onto the freshly activated NHS-ester
for 20 min allows for the formation of an amide bond. The
SPR shift resulting from lectin immobilization is measured
after an additional rinsing step with acetate buffer. Unreacted
NHS-ester moieties are finally deactivated by injecting a 1 M
solution of ethanolamine (pH 8.5) followed with phosphate
buffer (Figure S2 in Supporting Information).
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2.5. LPS Detection. A solution of LPS diluted to 100 μg/
mL with 1X PBS is injected into the fluidic chamber, and
capture is carried out for 15 min, after which PBS is injected
again. LPS affinity is assessed using a sensorgram to measure
the SPR shift (Figure S3 in Supporting Information). A total of
12 sensorgrams are collected for each LPS and each molecular
probe, allowing the generation of several profiles for each LPS
mixture (Figure 1). These LPS come from five bacteria species
that are known to cause severe infections in humans and
exhibit variations in their lipopolysaccharide (LPS) structures,
which influence host−pathogen interactions, virulence, and
immune recognition.37

2.6. Machine Learning and Data Processing. The
classification models used in this study are Random Forest
(RF), k-Nearest Neighbors (kNN), and Support Vector
Machine (SVM).38−43 These models have been implemented
using the scikit-learn Python library.44 RF is an ensemble
learning method that creates multiple decision trees during
training and generates the majority class from the individual
tree’s predictions. On the other hand, the kNN is a simple,
instance-based algorithm that classifies a data point based on
the majority class among its k-nearest neighbors in the feature
space. Finally, SVM is a powerful and versatile machine
learning model capable of performing linear or nonlinear
classification, regression, and outlier detection. It works by
finding the hyperplane that best separates the classes in the
feature space.

Prior to any computation, each raw profile is normalized by
the integrated point values. Model selection and feature
selection are conducted using a 10-time repeated cross-
validation (3-fold) from which the mean accuracy and standard
error are collected for optimization results.45 Final metrics and
confusion matrix are produced using a 10-times random data
split with 3:1 split between training and validation subsets.46

We evaluated the performance of optimized models using
accuracy, recall, precision, and F1 score metrics. Accuracy
represents the ratio of correctly classified observations relative
to all observations, recall measures the ability to detect positive
instances among actual cases, precision assesses the reliability
of positive predictions and is expressed as the ratio of true
positives to the total predicted positives, and the F1 score is
the harmonic mean of precision and recall, providing a useful
balance between these two metrics, particularly in contexts
with imbalanced classes.47

3. RESULTS AND DISCUSSION
3.1. Detection of LPS. The detection of LPS by urface

plasmon resonance using the 7 lectins enables the creation of
detection profiles based on the differentiated specificity of said
lectins for various glycans. These lectins present specific
binding affinities for a broad set of glycan-rich residues (Table
S1) found in O-glycan LPS moieties such as mannose (Man),
N-acetylglucosamine (GluNAc), N-acetylgalactosamine (Gal-
NAc), galactose (Gal), and fucose (Fuc). These 7-points

Figure 1. Lectin detection profiles. A total of 12 plasmon shift values, measured after 15 min of immobilization, were recorded for each lectin, with
the average and standard deviation values represented by each band in the graph. Each lectin is used to create the LPS profiles for each bacterial
species injected at 100 μg/mL, as well as a PBS buffer blank reference. The lectins chosen are Concanavalin (ConA), Glycine max agglutinin (SBA),
Triticum vulgaris agglutinin (WGA), Dolichos bif lorus agglutinin (DBA), Ulex europaeus agglutinin (UEA I), Ricinus communis agglutinin (RCA),
and Arachis hypogea agglutinin (PNA). These lectins will be referred by their abbreviation for the next figures to avoid unnecessary length in the
legend.

Figure 2. Normalized lectin detection profiles. Each of the 7-point profiles from the raw data set is subjected to L1 normalization. Each band
represents the mean and standard deviation values for each lectin (n = 12), for both the bacterial species LPS and the blank.
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profiles have been obtained for the five LPS considered in this
study, and the average and standard deviation values for the 12
replicates measured for each probe are summarized in Figure 1.

Each individual profile is normalized by the integrated point
values, also known as L1 normalization, to reduce the
variations that may occur due to variations in prism refractive
index, efficiency of probe immobilization, or influence of the
molecular mass of LPS on the SPR shift (Figure 2). This
preprocessing is particularly important considering that the 7
points of the profile are independent, and their relative values
are essential for distinguishing between different LPS species.
No other preprocessing is applied to the data set, knowing that
other scaling methods, e.g., standard scaling, min−max scaling,
or absolute maximum scaling, assume that either each feature is
normally distributed across the classes or that each value
contributes equally to model classification, which, in this case,
is not. On the contrary, the nonselective nature of lectins for a
particular class of LPS raises the possibility that some lectins
may be less influential than others in the classification
performed by the machine learning model. Therefore, it is
essential to avoid introducing bias by balancing the
contribution of each lectin through scaling.

7-point profiles can be used to identify molecules just as one
does with an infrared spectrum, where each feature (profile
point or wavenumber value) is characteristic of one of the
molecule’s vibrational modes, and just as is the case with
vibrational spectra, one can also use machine learning to
enhance the classification capabilities of the profiles, albeit with
a limited number of values (7 in this case) and the absence of
interdependence between these values. In fact, each value on
the profile is independent of its neighbor due to different times
of acquisition and the complex binding affinity of lectins,
unlike the values surrounding a point of an infrared spectrum,
which vary interdependently as a function of molecular
vibrations. It could be argued that if lectins are specific to
the same glycan onto the LPS, there should be an
interdependence between these points for the same LPS, but
this would be true only if the lectin were exclusively specific to
one glycan. However, it is well-known that lectins show
different degrees of affinity for various glycans. For example,
the detection sensitivity of RCA cannot be associated with the
abundance of N-acetylgalactosamine alone since RCA also has
a certain affinity for galactose and fucose residues.48 To
determine the degree of macromolecule glycosylation, one
requires the use of multiple lectins to unravel these complex
affinities, which is not the objective here.
3.2. Principal Component Analysis. Principal compo-

nent analysis (PCA) was conducted on the 7-point profiles of
LPS to discern underlying patterns and variations within the
data set. The results are depicted in Figure 3, illustrating the
scatter plot of PC1 against PC2 for each of the 5 types of LPS.
The color-coded points on the graph emphasize the differences
between the LPS types. PC1, explaining 58.2% of the total
variance, and PC2, explaining 15.5%, collectively contribute to
a significant portion of the data set’s variability. Furthermore, a
graph illustrating the cumulative explained variance of all
principal components until reaching 100% variance elucidated
the necessity of utilizing 5 to 6 PCs for dimension reduction,
underscoring the complexity and multidimensionality of the
data set (Figure 4).

We further investigated the importance of each feature
within the profiles across all principal components. With this
analysis, we aimed to identify the features driving the

dimensional reduction achieved by PCA. A graph was
constructed to display the coefficients of each feature weighted
by the explained variance of the corresponding principal
component (Figure 5). Our findings revealed that features

Figure 3. PC1 and PC2 graphical representation. PC1 explains 58.2%
of the total variance in the data set, capturing the primary sources of
variability between the samples. PC2 explains 15.5% of the variance,
representing additional differences not captured by PC1. Each point
on the plot corresponds to an individual sample, and the points are
color-coded to represent different LPS from bacteria.

Figure 4. Proportion of variance of principal components. This graph
displays the absolute explained variance for each of the 7 possible PCs
(▲) and the cumulative explained variance for an increasing number
of PCs (■).

Figure 5. Weighted component coefficients. Principal component
coefficients associated with each feature (plasmon shift values for each
lectin) are multiplied by the absolute explained variance of the
corresponding PC.
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RCA, ConA, PNA, and WGA played a greater role in the
dimension reduction process, as evidenced by their significant
contributions to the explained variance across multiple
principal components. Conversely, feature UEA, SBA, and
DBA appeared to contribute less significantly to the variance
captured by the PCAs.

While PCA provided valuable insights into the data
structure, it was observed that PC1 and PC2 combined
explained only approximately 70% of the total variance. This
suggests that additional principal components may be required
to effectively differentiate between the various LPS types.
However, as PCA does not inherently focus on maximizing
classes separability, relying solely on principal components may
lead to suboptimal classification results, especially in cases
where classes are not linearly separable. Consequently, the
limitations of PCA in capturing complex patterns and class
boundaries highlight the need for more sophisticated
approaches. The use of machine learning techniques capable
of learning complex, nonlinear relationships appears to be
imperative for achieving a more granular classification of LPS
types and enhancing overall accuracy.
3.3. Classification Model Selection. The first step in the

machine learning classification process is the selection of a
suitable classification model. For this purpose, model selection
was performed using a 10-time repeated stratified 3-fold cross-
validation on normalized profiles, with three models being
evaluated: Random Forest (RF), k-Nearest Neighbors (kNN),
and Support Vector Machine (SVM). The key hyper-
parameters of each model were optimized to maximize
accuracy (Figures S4−S6 in Supporting Information). A
significant difference in accuracy was observed among the
models (p > 0.05) as shown in Figure 6, with SVM and RF
slightly outperforming kNN. At this stage, no further
optimization effort was pursued with kNN due to the lower
performance of the model.
3.4. Feature Selection. The Random Forest model offers

the ability to assess the relative importance of each lectin in the
decision-making process. This importance is quantified by
feature importance coefficients, which represent the contribu-
tion of each lectin in reducing the overall classification error in
the RF model. These coefficients, presented in Figure 7,

indicate how much each lectin improves the model’s predictive
accuracy by measuring the average decrease in node impurity
when the feature is used to split the data across decision trees.
However, it is important to note that these coefficients cannot
be directly correlated with or interpreted as representing a
higher level of abundance for a given variable. Instead, they
solely reflect the variable’s contribution to classification
accuracy within the context of the RF model.

The results from 10 randomly selected-train/test splits of the
data set show that RCA, PNA, and WGA exhibit higher
importance, suggesting they play a pivotal role in the
classification task, while the contributions of the other lectins
are less pronounced. This could suggest greater variability in
their abundance across the different LPS classes, whereas
signals from the remaining lectins (ConA, SBA, DBA, and
UEA) appear more consistent. Consequently, without further
detailed information on the LPS composition, we cannot
conclude whether glycans that bind to UEA, for example, are
consistently absent or simply not detected on the analyzed LPS
molecules.

Models like SVM and kNN do not provide feature
importance metrics. The RF model’s architecture, consisting
of multiple decision trees, inherently allows for the calculation
of these coefficients based on how often a feature is used and
how effective it is in making splits. In contrast, SVM focuses on
finding a hyperplane that best separates the data into classes,
while kNN classifies based on the proximity of data points, and
neither split data along features in a hierarchical manner.
Therefore, determining the importance of individual features is
not directly possible with these models.

The models were then trained and tested using all possible
combinations of lectins, ranging from a single lectin to the full
set of lectins in the original data set, to assess the classification
capabilities for both models (RF and SVM) while overcoming
SVM’s inability to determine feature importance coefficients.
The accuracy obtained with the best lectin combination found
for each model is shown in Figure 8 (results for all lectin
combinations are shown in Tables S2 and S3 in Supporting
Information). Notably, a combination of three lectins yields
performance comparable to the best results obtained with 4 or
more lectins. Further analysis and the identified importance of
each lectin in the model’s decision-making process confirm
that RCA, PNA, and WGA (or ConA, depending on the

Figure 6. Cross-validation accuracy score. The three box plots
represent the accuracies of the RF (trees = 100), SVM (kernel = RBF,
C = 100), and kNN (neighbors = 3, weight = distance) models based
on 10 repeated 3-fold cross-validation scores. The kNN model shows
significantly lower accuracy than the RF and SVM models, with a p-
value of less than 0.05. An asterisk indicates a distribution with a
statistically significant difference in performance compared to the
distribution without it.

Figure 7. Feature importance coefficient. Each bar illustrates the
mean importance coefficients for the 7 features associated with 7
lectins, calculated from 10 randomly selected train/test splits of the
data set using a Random Forest model with 100 trees.
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model) are consistently present in the most effective
combinations. As shown in Figure 8, the performance gain is
more pronounced for up to three lectins, providing either
equivalent or superior accuracy compared to using all seven
lectins.

While it may be argued that reducing the amount of data to
decrease acquisition time or cost is unnecessary given that SPR
imaging devices can perform multiple association measure-
ments in parallel, this perspective primarily applies to
centralized, method development laboratories. On the other

hand, minimizing the number of features is essential in
contexts where, for example, measurement space is limited
such as in fluidic channels or when cost and complexity must
be minimized such as disposable point-of-care testing.
3.5. Classification Performance. To assess the classi-

fication performance of both Support Vector Machine (SVM)
and Random Forest (RF) models, confusion matrices (Figures
9 and 10) and several key metrics (accuracy, precision, recall,
and F1 score) were calculated as a function of the numbers of
lectins used in the profiles (Tables 1 and 2). The models were

Figure 8. Feature reduction for RF and SVM machine learning models. The best-performing lectin set from the combination of increasing number
of lectins (1 to 7, from left to right) is used in a 10 repeated 3-fold cross-validation to determine the accuracy for each model. Significant differences
are assessed with a t-test (p > 0.05). An asterisk indicates a distribution with a statistically significant difference in performance compared to a
distribution without it.

Figure 9. Support Vector Machine (SVM) confusion matrices for LPS classification with different profile lengths.
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trained to differentiate between five LPS samples and the
blank, with profiles ranging from 7 lectins down to 2 lectins.
This analysis, by providing insight into how accurately the
models predict the correct classes and where classification
errors occur, aimed to determine whether reducing the number
of lectins would still provide acceptable classification perform-
ance, thereby minimizing the experimental time and resources
required.

For both models, the diagonal cells of the matrices,
representing correct classifications, contained the majority of
the data when using 4 or more lectins, with off-diagonal
elements accounting for no more than 13% of total predictions.
This indicates that the models can accurately classify the LPS
samples using profiles with up to 4 lectins, but as the number
of lectins was reduced to 3 or fewer, classification errors
increased noticeably. This was particularly true for P.
aeruginosa and E. coli O55, which were frequently confused

Figure 10. Random Forest (RF) confusion matrices for LPS classification with different profile lengths.

Table 1. Classification Report for Different Profile Lengths with the SVM Model

Nb. of lectins lectins accuracy precision recall F1 score

mean error mean error mean error mean error

2 PNA, WGA 76% 7% 77% 8% 76% 7% 75% 8%
3 ConA, PNA, WGA 84% 5% 86% 5% 84% 5% 83% 4%
4 RCA, PNA, UEA, WGA 88% 5% 91% 5% 88% 5% 88% 6%
5 RCA, ConA, PNA, UEA, WGA 88% 6% 91% 5% 88% 6% 87% 6%
6 RCA, ConA, PNA, UEA, SBA, WGA 87% 7% 90% 6% 87% 7% 86% 8%
7 RCA, ConA, PNA, UEA, SBA, DBA, WGA 89% 6% 92% 4% 89% 6% 89% 6%

Table 2. Classification Report for Different Profile Lengths with the RF Model

Nb. of lectin lectins accuracy precision recall F1 score

mean error mean error mean error mean error

2 PNA, WGA 70% 5% 71% 7% 70% 5% 68% 6%
3 RCA, PNA, WGA 83% 8% 87% 7% 83% 8% 82% 9%
4 RCA, PNA, UEA, WGA 89% 7% 91% 6% 89% 7% 89% 7%
5 RCA, PNA, SBA, DBA, WGA 92% 4% 93% 4% 92% 4% 92% 4%
6 RCA, PNA, UEA, SBA, DBA, WGA 88% 6% 90% 5% 88% 6% 87% 6%
7 RCA, ConA, PNA, UEA, SBA, DBA, WGA 87% 7% 89% 6% 87% 7% 86% 8%
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with each other and with the blank. This increase in confusion
suggests that these samples may share similar glycan structures,
making them harder to distinguish with fewer lectins available
to provide selective glycan binding.

The SVM model showed high performance with 7 lectins
(RCA, ConA, PNA, UEA, SBA, DBA, WGA), achieving 89%
accuracy (±6%), 92% precision (±4%), and a F1 score of 89%
(±6%). Even as the number of lectins was reduced, the model
maintained stable classification performance. Notably, profiles
with 4 lectins (RCA, PNA, UEA, WGA) yielded an accuracy of
88% (±5%) and a F1 score of 88% (±6%), suggesting that four
lectins are sufficient for reliable LPS classification. When the
number of lectins was reduced to 3, the SVM model’s
performance was poorer, achieving 84% accuracy and a F1
score of 83%, while with 2 lectins, performance dropped
further to 76% accuracy and a 75% F1 score. This marked
decline suggests that profiles with fewer than 4 lectins lose too
much discriminatory power, leading to significant misclassifi-
cation.

The RF model exhibited a similar trend, with 7 lectins
yielding 87% accuracy (±7%) and a F1 score of 86% (±8%).
However, the best performance was observed with 5 lectins
(RCA, PNA, SBA, DBA, WGA), achieving 92% accuracy
(±4%) and a F1 score of 92% (±4%). This suggests that, for
RF, a 5-lectin profile is optimal, providing the best balance
between resource efficiency and classification performance.
This also means that the exclusion of ConA and UEA can
benefit the model’s performance. With 6 lectins, the RF model
maintained an accuracy of 88% (±6%) and a F1 score of 87%
(±6%), while the 4-lectin profile also yielded a comparable
performance (accuracy of 89% and F1 score of 89%). Like the
SVM model, RF classification performance dropped signifi-
cantly with 3 lectins (accuracy of 83%, F1 score of 82%) and 2
lectins (accuracy of 70%, F1 score of 68%). This suggests that
RF, like SVM, requires at least 4 lectins to maintain
performance compared to the full lectin set.

The analysis above shows that both the SVM and RF models
perform comparably when profiles contain at least 4 lectins,
allowing for effective classification of the five LPS samples and
the blank. Reducing the number of lectins beyond this number
leads to diminished classification performance, with both
models experiencing significant drops in accuracy and F1 score
when using 3 lectins or fewer. More precisely, a 4-lectin profile
is the lower bound for maintaining classification performance
in the case of the SVM model, while the RF model achieves
optimal performance with 5 lectins. Both models demonstrate
that profiles with 2 or 3 lectins result in substantial confusion,
especially between P. aeruginosa and E. coli O55 as well as
increased interference from the blank. This suggests that fewer
lectins may fail to capture enough unique glycan interactions to
reliably differentiate between these similar LPS molecules.

The lectin panel combined with the ML algorithms
enhances specificity over traditional approaches, such as
monoclonal antibody or limulus amoebocyte lysate (LAL)
assays, by providing broader coverage of LPS variants. While
an antibody is typically specific to a single LPS epitope and the
LAL assay cannot differentiate between LPS variants, the lectin
panel can recognize a wider range of LPS structures across
different species based on the relative glycan content of the
core and O-polysaccharide antigen that differ within and
between bacterial species.37 Additionally, the panel’s adapt-
ability allows it to be trained with LPS from emerging variants
or new bacterial species, further expanding its recognition

capabilities. This flexibility makes the lectin-based approach
more versatile and effective for detecting diverse LPS
structures compared to conventional antibody-based methods.

The present methodology could be implemented in a
complex media, such as a culture medium, considering, on the
one hand, that the immobilization of lectins is performed on an
antifouling peptide (Afficoat) that has demonstrated its ability
to reduce nonspecific adhesion in matrices such as serum and
blood plasma.49 On the other hand, the fluidic system used
with the P4SPR includes a reference channel that could be
used to measure refractive index changes caused by the culture
medium. Finally, an amplification method, such as secondary
detection,50 involving the subsequent injection�after LPS
detection�of an anti-Lipid A polyclonal antibody solution,
would provide a resonance wavelength shift specific to the
presence of LPS considering they all display a lipid A region.
These various strategies suggest that this detection method
could be transferable to applications in complex environments
after training the machine learning models.

4. CONCLUSION
This study aligns with the evolving landscape of biosensor
development, where lean principles are essential for optimizing
assay efficiency and effectiveness. Our exploration of surface
plasmon resonance (SPR) in detecting and classifying
lipopolysaccharides (LPS) exemplifies the application of
these principles, emphasizing the reduction of waste through
streamlined processes and the iterative enhancement of
detection methodologies. By employing a panel of lectins, we
established 7-point detection profiles for various LPS,
facilitating robust classification while avoiding the pitfalls of
batch-to-batch variability and the need for constant redesign-
ing typical of antibody-based methods. This methodology
increases the range of LPS that can be detected and identified
with the same set of lectins and decrease the turnover time to
add other LPS species in the training library compared to
antibody engineering processes.

PCA analysis revealed significant patterns within our data,
guiding the selection of key features that enhanced
classification accuracy. Our findings demonstrated that specific
lectins, especially RCA, PNA, and WGA, are pivotal in
maintaining high classification performance, even as we
optimized the number of lectins used in profiles.

Furthermore, the results of our machine learning-assisted
approach underscore the synergy between traditional affinity
techniques and modern data science. Both the Support Vector
Machine (SVM) and Random Forest (RF) models exhibited
strong capabilities in distinguishing between LPS types,
particularly when utilizing profiles with four to seven lectin
probes. Ultimately, this research contributes to the develop-
ment of innovative biosensing technologies that not only
accurately measure bacterial components but also introduce a
procedure to reduce the number of necessary molecular
probes. By leveraging a flexible and scalable approach to
monitoring LPS, this work paves the way for more efficient and
effective diagnostic tools, reinforcing the critical role of lean
development principles in advancing the field of biosensors.

Despite the strong performance of the model, some
limitations need to be addressed for broader applicability.
First, the model’s accuracy depends on the training data,
making it unreliable for different sample conditions or
concentrations. Expanding the data set with more diverse
conditions would enhance robustness and generalizability.
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Second, the model has not been tested on LPS mixtures.
Addressing this would require either training on experimental
mixtures or generating synthetic profiles. However, this shifts
the problem to a regression task, requiring careful consid-
eration of concentration effects on profiles. Finally, the model
cannot detect unknown LPS and will always classify them into
existing categories. Introducing an “unknown” class would help
identify outliers and prevent misclassification. Future work will
focus on these improvements to enhance the platform’s
flexibility and reliability in real-world applications.
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