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Leafy greens are susceptible to contamination by human pathogens, and because ready-to-eat salads cannot
undergo thermal decontamination, even initial contamination poses a food safety risk. To understand early
bacterial colonization, we combined high-resolution fluorescence microscopy with Generalized Additive Models
(GAMs) to investigate development of Escherichia coli micro-colonies on the leaves of romaine lettuce (Lactuca
sativa L. var. longifolia) and wild lettuce (Lactuca serriola L.). Green Fluorescent Protein labelled bacteria were
used as experimental tracers to visualize colonization dynamics under controlled conditions. Bacterial prolifer-
ation was quantified through fluorescence area, representing spatial expansion, and fluorescence intensity,
reflecting aggregation; their combined metric provided a reliable proxy for micro-colony development. Over the
24 h incubation period, romaine lettuce consistently supported higher colonization than wild lettuce, reflecting
differences in leaf surface micro-morphology. Maximum surface roughness emerged as a structural factor
associated with bacterial proliferation. GAMs captured nonlinear growth patterns and species-specific responses,
with romaine models explaining up to 91% of the observed variance. Comparison with Colony Forming Units
(CFU) counts showed that fluorescence imaging resolved early spatial aggregation and colony expansion,
whereas CFU measurements assessed culturability but lost spatial information due to tissue homogenization.
Although fluorescence imaging based on genetically labelled bacteria is not directly applicable to post-harvest
monitoring, it provides a platform for establishing predictive relationships between leaf surface traits and mi-
crobial growth. GAMs represent the transferable outcome of the study, enabling quantitative evaluation of
temporal and morphological predictors of colonization dynamics and supporting approaches for improving
microbiological safety in fresh-cut salad production systems.

1. Introduction

Fresh vegetables, while generally considered healthy and safe, may
occasionally host pathogenic microorganisms capable of causing severe
infections (Lorenzo et al., 2018; Mishra et al., 2024; Sobhy et al., 2023),
including Salmonella enterica, pathogenic Escherichia coli, Shigella spp.,
Listeria monocytogenes, Klebsiella pneumoniae, Pseudomonas aeruginosa,
and Staphylococcus aureus (Beuchat, 2002; Qian et al., 2022; Roasto
et al., 2023). In Western countries, numerous foodborne outbreaks
have been linked to ready-to-eat (RTE) leafy salads, particularly lettuce.
Between 2003 and 2012, the United States reported 390 E. coli 0157:H7
outbreaks, many associated with minimally processed foods (Centers for
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Disease Control & & Prevention, 2022). Within this broader context, 40
outbreaks associated specifically with leafy greens were reported in the
U.S. and Canada from 2009 to 2018, resulting in 1212 illnesses, 77 cases
of hemolytic uremic syndrome, and 8 deaths (Marshall et al., 2020).
Since these products are consumed raw and cannot undergo thermal
decontamination, any acquired pathogen poses a direct and severe
health risk to consumers, making food safety management a critical
challenge in the fresh-produce chain (Mir et al., 2018). Furthermore, the
production of RTE salads involves several processing steps, including
shredding, cutting, washing, and packaging (Olmez, 2016), during
which favorable conditions for microbial colonization and growth can
arise, particularly due to mechanical damage of delicate tissues, the
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release of intra-(plant) cellular content and the limited effectiveness of
washing and disinfection procedures (Banach et al., 2015; Delaquis
et al., 2007). Among leafy greens, romaine lettuce has repeatedly been
implicated in large-scale outbreaks (Coulombe et al., 2020; Slayton
et al., 2013; Taylor et al., 2013; Waltenburg et al., 2022), highlighting
the importance of understanding plant-specific and cultivar-specific
susceptibility to contamination.

Advancements in fluorescence microscopy and molecular labeling
techniques have enhanced the ability to investigate plant-pathogen in-
teractions in microscale. Previous studies have shown that E. coli 0157:
H7 and S. enterica preferentially colonize natural openings (e.g., sto-
mata) and mechanically damaged regions (Brandl, 2009; Seo & Frank,
1999). Moreover, leaf surface properties, such as epicuticular wax
structure, surface hydrophobicity, roughness, and stomatal density,
strongly influence bacterial adhesion and colonization, spatial distri-
bution and eventually persistence (Truschi et al., 2023, 2024). Notably,
wild lettuce (Lactuca serriola) exhibits reduced susceptibility to coloni-
zation compared to cultivated types, largely due to its higher surface
hydrophobicity and distinct wax crystal morphology (Truschi et al.,
2024).

Despite these insights, current strategies for monitoring spatio-
temporal dynamics of bacterial colonization on lettuce surfaces
remain limited, relying mainly on colony-forming unit (CFU) counts,
which are destructive, time-consuming, and fail to capture the spatial
dynamics of early colonization processes. Biological colonization pro-
cesses are inherently nonlinear because bacterial proliferation is influ-
enced simultaneously by time and multiple interacting leaf surface
properties. Consequently, statistical approaches capable of describing
nonlinear relationships without imposing predefined functional forms
are particularly well suited to investigate these complex interactions.
Generalized Additive Models (GAMs) provide this flexibility while
maintaining a high degree of interpretability (Wood, 2017). In this
study, we propose an integrated fluorescence-based approach to track
E. coli growth directly on lettuce surfaces using Green Fluorescent Pro-
tein (GFP)-labelled bacteria combined with a Generalized Additive
Models (GAMs)-based statistical modeling framework. Here, GFP la-
beling was used as an experimental tracer to enable high-resolution
quantification of colonization dynamics under controlled conditions
rather than as a detection strategy applicable to post-harvest processing
environments. Unlike conventional predictive microbiology models,
which estimate bacterial population growth under defined environ-
mental conditions, the proposed GAM framework was developed to
quantify the relative contribution of incubation time and leaf surface
micro-morphology to the spatial development of bacterial
micro-colonies. Fluorescence microscopy enables high-resolution
monitoring of both fluorescence area, reflecting spatial colonization,
and fluorescence intensity, providing an indirect measure of bacterial
aggregation density; GAMs provide a flexible statistical framework for
describing nonlinear relationships between incubation time, leaf surface
morphology, and fluorescence-derived descriptors of colonization,
allowing the relative contribution of each predictor to be quantified
without assuming predefined functional relationships.

Because intact lettuce leaves were unsuitable for quantitative high-
resolution fluorescence imaging with the microscopy configuration
adopted in this study, owing to their thickness and intrinsic auto-
fluorescence, reliable visualization of individual bacterial cells and early
micro-colony development was technically challenging. To overcome
these limitations, bacterial colonization was monitored on isolated
adaxial epidermal layers placed on gels prepared from leaf cellular ex-
tracts. This experimental configuration preserved the surface micro-
morphology relevant to bacterial attachment while providing a thin,
optically accessible system that enabled reproducible high-resolution
fluorescence imaging of early colonization events.

The specific objectives of this work were: (i) to monitor the prolif-
eration and spatial distribution of a GFP-labelled E. coli strain on baby
leaves of cultivated lettuce, romaine type (Lactuca sativa L. var.
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Longifolia “Bionda degli Ortolani”) and wild lettuce (Lactuca serriola L.);
(ii) to assess the influence of incubation time and morphological traits
on colonization dynamics; (iii) to develop and evaluate a GAM-based
statistical framework describing the relationship between incubation
time, leaf surface morphology and bacterial colonization dynamics. The
experimental progression from plant cultivation and bacterial inocula-
tion to subsequent fluorescence microscopy observations is structurally
outlined in Fig. 1.

This methodological time-lapse-based framework provides quanti-
tative insights into the impact of leaf surface morphology on spatio-
temporal bacterial dynamics and proposes a predictive modeling
approach that may support future development of non-destructive
assessment strategies for microbiological risk assessment in fresh-cut
produce systems.

2. Materials and methods
2.1. Plant material and growing conditions

Seeds of romaine lettuce ‘Bionda degli Ortolani’ (Lactuca sativa L.)
(Fratelli Ingegnoli, Milan, Italy) hereafter RL, and wild lettuce (Lactuca
serriola L.) (Provencemonamour, Paris, France), hereafter WL, were
sown in pots (15 cm in diameter, 13 cm in height, 1.5 L in volume) filled
with a peat-based growing medium, at a density of approximately 0.3
seeds cm 2. After sowing, plants were transferred to a growth chamber
at 22 + 2 °C with a 16 h photoperiod under fluorescent lighting (CUL-
TILITE HPS Lamp, 400W) and grown until the baby-leaf stage.

2.2. Preparation of plant juice-agar medium

Plant juice-agar media were prepared separately for each lattuce
species to provide a hydrated and chemically representative substrate
for bacterial colonization during fluorescence microscopy observations.
Because the isolated epidermal layers used for imaging were detached
from the underlying leaf tissues, the plant juice-agar medium was
designed to reproduce the nutrient environment surrounding the
epidermis while maintaining the optical transparency required for high-
resolution fluorescence microscopy. This experimental configuration
allowed bacterial colonization to be investigated under controlled con-
ditions while preserving the native leaf surface architecture responsible
for bacterial attachment. Transparent agar media have previously been
employed to monitor bacterial colony development under controlled
conditions (Arvaniti et al., 2024). Building on this concept, the present
study extends the approach by combining species-specific plant juice-
—agar with isolated lettuce epidermal layers. This configuration simul-
taneously preserves the structural characteristics of the leaf surface and
provides host-derived nutrients, thereby offering a biologically relevant
platform for investigating early bacterial attachment and micro-colony
development. In detail, the plant juice was prepared starting from
25 g of leaves grinded in 250 mL of Ringer's solution (Oxoid, UK). The
mixture was homogenized using a hand mixer until a uniform suspen-
sion was obtained. Subsequently, the mixture was heat-treated at 80 °C
for 30 min to inactivate endogenous enzymes while preserving the
chemical composition of the extract, following an adaptation of a pro-
tocol previously developed for sterile fresh-produce extracts (Manios
et al., 2013). Plant juice was stored at 4 °C for up to one week and
then filtered through Whatman cellulose filter paper. After filtration,
agar was added to obtain a final dilution of 1:5 (v/v). The plant
juice-agar medium was mixed while heating, under continuous stirring,
until it was brought to a brief boil, and then poured into Petri dishes
(9 cm in diameter; 8 mL per dish).

2.3. Bacterial strain, inoculum preparation, and leaf contamination

GFP-labelled Escherichia coli S17-1 pHC60 (Cheng & Walker, 1998),
kindly provided by the laboratory of Prof. Alessio Mengoni (University
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A. Plant material and growing conditions

Romaine lettuce
'Bionda degli Ortolani* (RL)

Wild lettuce (WL)

= Growth conditions: temperature 22 + 2
°C, photoperiod of 16 hours, and
fluorescent lighting units CULTILITE HPS
Lamp 400W

= Plants harvested at the baby-leaf stage

C. Bacterial strain and inoculum preparation
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B. Preparation of plant juice-agar medium

1. 25 gr baby leaves 2. 250 mL Ringers

solution

5. Agar was added in
a final dilution 1:5 \

6. The plant juice agar
. medium was mixed
E while heating to boil

-

1. 0.1 mL of the frozen stock

culture was trasferred in 10 mL LB

with 10 pg/mL Tetracycline — HCI

*
e
4. A third wash followed,
where cells were resuspended
. in 1 mL of plant juice

E. coli S-17-1
pHC60 with green
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@37°C z24h

2. Incubation overnight

Bacterial suspension

3. Cells were washed [~ .
(approximately

twice in Ringer’s 5
solution (2434 g for 1 5x107 CFU/ml)
min at 4°C)

D. Leaf inoculation and fluorescence microscope observations

2. 10 pL of the bacterial
suspension was placed
1. Adaxial leaf epidermis was on top of the epidermis

peeled off with tweezers

Plant juice-agar
medium

Leaf epidermis

overnight

: g
-
@37% Emh

3. Samples were incubated

4. Fluorescence images were acquired
after 5, 30, 120 (2h), 480 (8h) and
1440 (24h) min

Fig. 1. The main steps from plant cultivation to bacterial inoculation and fluorescence microscopy observations.

of Florence), was used as the inoculum for leaf contamination assays.
Working cultures were prepared from frozen stocks at —20 °C (Lysogeny
Broth [LB, Oxoid, UK] with 10 pg mL™! Tetracycline-HCI [Sigma-Al-
drich] contaning 20% glycerol). An aliquot of 0.1 mL of the frozen stock
culture was put in 10 mL LB with 10 pg mL™! Tetracycline-HCl and

incubated overnight at 37 °C. Cells were then washed twice in Ringer's
solution (Oxoid, UK) to maintain the osmotic stability and harvested by
centrifugation (2434 x g for 1 min at 4 °C), then resuspended in 1 mL of
plant juice.

To enable reproducible high-resolution fluorescence imaging of early
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bacterial colonization, the adaxial epidermis was carefully separated
from intact leaves and transferred onto the corresponding plant juice-
—agar medium. Intact lettuce leaves were unsuitable for quantitative
imaging at the required spatial resolution because their thickness and
intrinsic autofluorescence reduced image quality and hindered reliable
visualization of individual bacterial cells and developing micro-colonies
(Donaldson, 2020). Isolation of the epidermis is a well-established
approach  for improving visualization of leaf surface
micro-morphology while preserving the structural features relevant to
surface interactions (Yuan et al., 2020).

Small 22 x 22 mm pieces of plant juice-agar medium prepared from
the two species were cut and placed onto microscope slides. Ten mi-
croliters of Ringer's solution were placed onto each piece. The adaxial
leaf epidermis of RL and WL was peeled off with tweezers and subse-
quently placed onto the plant juice-agar medium pieces. Finally, 10 pL
of the bacterial suspension (approximately 5 x 10’7 CFU mL™') was
applied on top of the epidermis. Samples were incubated at a constant
temperature of 37 °C, corresponding to the optimal growth temperature
for E. coli, for up to 1440 min (24 h).

2.4. Fluorescence microscopy and image analysis

An inverted fluorescence microscope (Leica, DMi8) equipped with an
oil immersion 63x phase contrast objective, a DFC 7000T camera
(Leica), and LAS X software (Leica) was used to monitor E. coli prolif-
eration in RL and WL. Fluorescence images (view field:
197.5 pm x 148.1 pm) were acquired after 5, 30, 120 min (2 h), 480 min
(8 h) and 1440 min (24 h) of incubation. The three images obtained by
fluorescence microscopy, one of plant cells, one of the fluorescence
signal, and one resulting from their overlap, are provided in
Supplementary Fig. 1 for RL and Supplementary Fig. 2 for WL. During
observation, the samples were covered with a coverslip and sealed with
silicone to prevent dehydration. Microscopy images were used to
determine fluorescence area (Ar, pmz), fluorescence intensity (In, arbi-
trary units, AU), surface roughness, and stomatal density. For each let-
tuce species and incubation time, five independent microscopic fields
acquired from different samples were used for quantitative image
analysis, whereas the images presented in Fig. 2 are representative

Romaine lettuce

Time 5 min

160 pm

120

80

=)
<
Wild lettuce
Time 5 min
o
0 40 80 120 160
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examples shown for illustrative purposes.

Fluorescence area and intensity (In) were determined using the
ImageJ software (version 1.53k, National Institutes of Health, Bethesda,
MD, USA). Five images per species and per incubation time were
analyzed. Surface roughness was estimated from microscopy images
using a standardized workflow implemented with the EBImage library in
R (Pau et al., 2010). Briefly, the images were converted to grayscale,
smoothed using a Gaussian filter to reduce noise, and then scaled by
assigning the physical dimensions (197.5 pm in width and 148.1 pm in
height) and the spatial resolution (0.103 pm pixel ). The grayscale
intensity values were treated as relative surface heights. The following
roughness parameters were then calculated: the arithmetic mean devi-
ation of the surface heights, namely average roughness (Ra); the root
mean square deviation of the surface heights, namely quadratic mean
roughness (Rq); the difference between the maximum and minimum
heights, namely maximum roughness (Rz). Stomata were visually
counted in each image and then used to compute the stomatal density
(Sc, N mm’z).

2.5. Measurement of E. coli growth using plate counting

To measure microbial growth via colony-forming units (CFU), E. coli
S$17-1 pHC60 expressing green fluorescence was obtained from —20 °C
glycerol stocks. A sterile loopful of the frozen stock was inoculated into
LB broth (supplemented with 10 pg mL™! tetracycline-HCl) and incu-
bated overnight at 37 °C with aeration (220 rpm). One ml of the over-
night culture was washed 3 times by centrifugation (8000 x g for 1 min)
in physiological solution (PS, NaCl 0.85% w/v in H0O) and finally
resuspended in sterile PS. Fifty pL of the working bacterial suspension
were applied to the center of the 1.5-cm-diameter leaf disks excised from
the adaxial surface of RL and WL baby leaves. The bacterial working
suspension was allowed to remain for 30 min to enable bacterial
attachment. After attachment, the disk was sequentially washed by
immersion for 30 s in three sterile Petri dishes containing 30 mL PS each,
to remove non-adherent bacteria. Following washing, inoculated leaf
disks were incubated at 25 °C for 5, 30, 120, 480, and 1440 min. Five
disks were used for each timepoint and for each species. At each time
point, individual disks were transferred into 1.5 mL microcentrifuge

Romaine lettuce

Time 24h

Wild lettuce
Time 24h
200 pm

Fig. 2. Examples starting and end-point of leaf epidermis at 5 min and 24 h from the inoculation with fluorescent E. coli. The field size is 197.5 pm x 148.1 pm.
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tubes containing 0.5 mL sterile PS and homogenized with a sterile mini-
pestle. Homogenates were serially diluted, and 20 pL aliquots were
spread-plated onto MacConkey agar (Oxoid, UK) supplemented with
tetracycline. Plates were incubated overnight at 37 °C, and CFU were
enumerated. CFU counts were transformed as log10(CFU + 1) prior to
statistical analysis to accommodate samples with zero recoverable
colonies.

2.6. Data and statistical analyses

The analysis of Ar and In data was performed using RStudio (R 4.3.1)
(R Core Team, 2024). The normality of data was investigated using the
Shapiro-Wilk's test, while homogeneity of variances was assessed using
Levene's tests from the “car” package (Fox & Weisberg, 2019). Variables
not exhibiting a normal distribution were transformed by using the
box-cox family transformations procedure (“boxcox(.)”) from the
“MASS” package (Venables & Ripley, 2002). A two-way ANOVA was
performed to analyse the Species (Sp) and Incubation time (It) effect on
the analyzed parameters (Ar and In), and the composed parameter ob-
tained by multiplying them (ArxIn). Five incubation times were
considered: 5, 30, 120 (2 h); 480 (8 h); 1440 (24 h) minutes. Species
were considered as fixed factor, while It was considered as a random
effect factor. We choose a random effect on It to create a model showing
the correlation between It and the analyzed parameters. Histogram or
scatter-plot were used to explain the significant interactions between
factors. To model the relationship between Ar and It and between ArxIn
and It, second-degree polynomial equations were fitted for each species.
The post-hoc analysis was performed by means of Tukey-HSD test.

The Gaussian distribution was generated using nonlinear regression
to model the relationship between intensity and the average colony area
for each species and incubation time. The analysis was performed in R
using the “minpack.lm” library (Elzhov et al., 2016). Data were orga-
nized into a data frame, where columns represented It, Sp, replicate,
intensity class (centroids of intensity intervals), and observed values. For
each subset of data corresponding to specific It and Sp, the Gaussian
distribution was fitted using the nonlinear least squares method (nlsLM).
The following Gaussian equation was applied:

—(x—b)’
y=axexp| ————

where: y is the observed value (cumulated area), x is the intensity class, a
represents the peak height, b is the center of the peak (mean intensity), ¢
determines the spread (standard deviation) of the curve. The initial
parameter estimates for the regression were a = 10, b = 55, and ¢ = 10.
Observations with negative values were excluded from the fitting pro-
cess to ensure the robustness of the results. The goodness of fit for each
model was evaluated using the coefficient of determination (R?).

To model the relationship between surface roughness parameters
(Ra, Rq, Rz), Sc, It, and ArxIn, we employed generalized additive
models (GAMs) to account for potential nonlinear effects and in-
teractions among predictors (Hastie & Tibshirani, 1986; Wood, 2017,
2024). Prior to model fitting, we evaluated multicollinearity among
roughness descriptors using the Variance Inflation Factor (VIF) imple-
mented in the “car” package (Fox & Weisberg, 2019). The analysis
revealed severe collinearity between Ra (VIF = 20.04) and Rq (VIF =
18.94), while Rz and Sc showed acceptable VIF values (<5). To mitigate
collinearity issues, Ra was excluded from the models, while Rz and Rq
were retained as complementary descriptors of surface texture. The
response variable was the log-transformed product of ArxIn [log(1+
ArxIn)]. Predictors included It, Rq, Rz, and Sc. We fitted four GAMs: (i)
a combined model including Species as a fixed effect, (ii) two
species-specific models for RL and WL, and (iii) a hybrid RL + WL model
based on the aggregated predictions of the species-specific GAMs.

The general structure of the combined GAM was:
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log(1 +Ar x In) = p, + Species + s(Time, by = Species) + s(Rq) + s(Rz)
+p xSc+e

Where s(.) denotes smooth functions estimated using thin plate regres-
sion spline, fy is the intercept, f; represents the linear effect of Sc, and ¢
is the residual error term. For the species-specific models, the Species
factor was excluded, and the smooth for It was fitted independently for
RL and WL. All models were fitted using the restricted maximum like-
lihood criterion (REML) as implemented in the mgcv package (Wood,
2017).

Model validation was performed using a Monte Carlo cross-
validation procedure stratified by SpxIt. In each of the 1000 itera-
tions, five out of six replicates per stratum were randomly sampled for
model training, and the remaining replicate was used for testing. Model
performance was evaluated using the R?, the Nash-Sutcliffe efficiency
(NSE), the root mean squared error (RMSE), the ratio of RMSE to the
standard deviation of observed data (RSR), and the percent bias (PBIAS).
All analyses were conducted in R (R Core Team, 2024) using the pack-
ages “mgcv”’ (Wood, 2017), “dplyr” (Wickham et al., 2023), “tidyr”
(Wickham & Girlich, 2023), and “car” (Fox & Weisberg, 2019) for GAM
fitting, data manipulation, and collinearity assessment, respectively.

3. Results

3.1. Species and incubation are the dominant drivers (Area, intensity, and
AreaxIntensity)

Fluorescence imaging revealed marked differences in both fluores-
cence area and fluorescence intensity between RL and WL, as well as
across incubation times (Fig. 2). Fig. 2 provides representative examples
of bacterial colonization, whereas the reported quantitative data were
obtained from replicated microscopic observations. At both 5 min and
24 h, RL (Fig. 2 A and 2 B, respectively) exhibited a larger fluorescence
area than WL (Fig. 2 C and 2 D, respectively).

For both species, a progressive and significant increase in fluores-
cence area was observed over time (Fig. 3), with no detectable differ-
ences between 0 and 30 min, followed by a clear separation of values
across longer incubation periods, following the order:
30 min <60 min h < 480 min <1440. Despite these temporal dynamics,
the relative difference between RL and WL remained remarkably stable
throughout the incubation period, with RL consistently exhibiting
approximately twice the fluorescence area of WL. The relative increase
ranged from 90% to 124% across the five sampling times, indicating that
the effect of incubation time was largely independent of species. The
relationship between Area and Incubation time was well described by a
second-degree polynomial, with a significant R2. The relationship be-
tween fluorescence area and Incubation time was well described by a
second-degree polynomial, with a stronger fit for RL (R? = 0.753; y =
—0.000055x2 + 0.184x + 26.751), than WL (R? = 0.553; y =
—0.000021x2 + 0.0853x + 13.609).

These observations were further confirmed by ANOVA analyses
(Supplemental Table 1). No significant interaction between Species and
Incubation time was detected, while both main factors were highly
significant, together accounting for up to 99.8% of the explained vari-
ability in fluorescence area. Among the two, Incubation time was the
dominant driver, accounting for up to 79.6%, while Species contributed
approximately 20.2%. These results highlight that temporal progression
strongly shapes the observed fluorescence patterns, with species-specific
effects acting consistently but independently of time.

The fluorescence Intensity displayed a less consistent temporal
pattern (Fig. 4). Unlike Area, Intensity did not follow a uniform trend
across incubation times, and responses differed between species. While
some early and intermediate time points showed slight increases in
fluorescence intensity, no clear monotonic progression was observed.
The two-way ANOVA confirmed this observation (Supplemental
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Fig. 3. Scatter plots of fluorescence Area and Area-by-Intensity over Incubation time. (A) Scatter plot showing the Fluorescence Area over Incubation Time for
Romaine lettuce (RL) and wild lettuce (WL). Points represent mean values (n = 6 per time point and species), and bars indicate standard errors. Regression curves
were fitted to the full dataset. Lowercase letters denote significant differences between incubation times within each species; uppercase letters denote differences
between species at each time point (Tukey HSD, p < 0.05). Incubation times: 120 min = 2 h; 480 min = 8 h; 1440 min = 24 h. (B) Scatter plot showing Area-by-
Intensity over Incubation Time for RL and WL. Points show mean values (n = 6), and bars indicate standard errors. Regression curves were fitted to the full dataset.

Lettering indicates significant differences as described in (A).

Table 2), indicating a strong and significant interaction between Species
and Incubation time for Intensity (p < 0.001), accounting for 90.4% of
the explained variability. This suggests that the effect of Incubation time
on Intensity differs substantially between RL and WL, unlike area, where
species-specific dynamics were more stable.

When considering the composite parameter Area x Intensity, which
integrates the spatial and radiometric information from fluorescence
images, similar patterns were observed, though with an even stronger
effect of time. Incubation time alone explained 73.8% of the variance
(Supplemental Table 3), while Species contributed 23.7%, and their
interaction accounted for only 2.5%, confirming that the dynamics of
bacterial colonization progress similarly in both RL and WL. The poly-
nomial models effectively described the relationship between Area x

Intensity and Incubation time, with RL showing a stronger fit
(R? = 0.756) than WL (R? = 0.412). This indicates a more pronounced
trend in RL (y = —0.000013x> + 0.080x + 13.589), while WL follows a
less defined but still significant pattern (y = —0.000021x> + 0.0545x +
5.972) (Fig. 3).

3.2. Temporal variations in colony area within intensity classes

The analysis of Fluorescence area (ym?) and the distribution of in-
tensity classes between RL and WL revealed significant differences in
growth patterns and variability over incubation time (Fig. 5;
Supplemental Table 4). The average Area consistently increased for both
species as incubation progressed, with RL exhibiting significantly higher
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Fig. 4. Histogram plot of Intensity as function of the Incubation time for the
Romaine lettuce (RL) and wild lettuce (WL). The histograms represent the
average values of Intensity for the respective Incubation time. The error bars
represent the standard errors. Lowercase letters indicate significant differences
between Incubation times within Species, while uppercase letters indicate sig-
nificant differences between Species within Incubation time according to the
Tukey-HSD post-hoc test (p < 0.05).

values compared to WL across all Incubation times. At the initial Incu-
bation time (5 min), RL showed an average Area of 2.4 pmz
(SD = 3.96 pmz), more than twice that observed in WL (1.07 png
SD = 1.78 pm?). At 1440 min, RL reached an average of 17.74 mm?>
(SD = 3341 pmz), almost double WL's Area (9.331 mmz;
SD = 10.35 pm?), confirming consistently greater colony expansion in
RL throughout the incubation period.

The variability of Area, expressed as standard deviation, increased
over time for both species, particularly for RL, reflecting greater het-
erogeneity in colony sizes at later time points (Supplemental Table 4).
The analysis of kurtosis and skewness highlighted differences in the
shape of the distributions between species. RL showed a transition from
a slightly peaked distribution (positive kurtosis) at early incubation
times to a flatter distribution (negative kurtosis) at intermediate times
(e.g., kurtosis = —1.095 at 480 min), followed by a return to a more
peaked distribution at 1440 min (kurtosis = 1.784). WL exhibited higher
kurtosis values at intermediate times, peaking at 480 min
(kurtosis = 7.613), indicating a sharper concentration of values with
more extreme outliers. Skewness remained consistently positive for both
species, indicating right-tailed distributions, with WL showing higher
skewness values overall, particularly at 480 min (skewness = 2.719),
indicating a stronger asymmetry toward smaller colony areas.

The histogram analysis of the cumulative Area across intensity
classes provided further insights into species-specific growth dynamics
(Fig. 5). At early incubation times (5 and 30 min), both RL and WL
exhibited low cumulative Area values across all intensity classes, with
RL showing significantly higher WL in the lower intensity classes. As
incubation progressed, RL expanded into higher intensity classes (e.g.,
40-70 at 480 min and 50-80 at 1440 min), indicating the progressive
development of larger and more densely colonized regions. In contrast,
WL remained more concentrated within intermediate intensity classes
(e.g., 30-50), suggesting a slower shift towards high-density coloniza-
tion. Significant differences between species were observed in most in-
tensity classes, particularly at later incubation times, where RL
dominated the higher intensity ranges.

The Gaussian distribution analysis revealed distinct patterns for RL
and WL. RL distributions were generally broader and better approxi-
mated by Gaussian fits, with higher R? values across all incubation times
(Fig. 5). For example, at 24 h, RL had an R? of 0.464, compared to WL's
weaker fit (R2 = 0.209), reflecting the broader distribution of colony
Area across intensity classes in RL. WL's distributions, especially at in-
termediate time points, were narrower and more peaked, driven by a
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concentration of values within intermediate intensity classes and the
presence of extreme values, reflecting more clustered colony size
distributions.

The temporal dynamics of the Gaussian parameters a (peak height), b
(distribution spread), and c (horizontal shift) were evaluated via
quadratic regression (Supplemental Table 5). For both species, param-
eter a showed the strongest correlation with incubation time (RL:
a = 0.000041x2 + 0.016x + 13.075, R = 0.999; WL: a = —0.000025x>
+ 0.053x + 5.318, R?= 0.99), indicating that the relative abundance of
dominant colony sizes was highly time-dependent. The spread param-
eter b exhibited moderate predictability in RL (b = 0.000013x? - 0.013x
+ 51.667, R = 0.447) and WL (b = —0.000011x% + 0.014x + 52.163,
R2 = 0.887), indicating species-specific differences in distribution width
over time. Finally, the horizontal shift parameter c, representing the
movement of the distribution peak across intensity classes, displayed a
weaker dependency on incubation time both in RL (¢ = —0.000012x> +
0.02x + 8.624, RZ = 0.672) and WL (¢ = 0.0000055x> - 0.006x -+ 8.295,
R? = 0.26). These results suggest that colony growth dynamics are pri-
marily associated with changes in the relative abundance of dominant
colony sizes (parameter a), whereas differences in distribution spread
(parameter b) became more evident at intermediate and late incubation
stages.

3.3. Modeling the relationship between surface roughness, stomatal
density, and fluorescence response

The roughness and stomata data are reported in (Supplemental
Table 6). No significant differences were observed for Ra and Rq pa-
rameters between the two species, while the Rz parameter and Stomatal
count were found to be significantly higher in RL than in WL.

The analysis was conducted using GAMs to describe the relationship
between surface roughness parameters, stomatal density, and fluores-
cence (ArxIn). Four model configurations were tested: (i) Combined
GAM, estimating a single response function for all observations
regardless of species; (ii) RL GAM and WL GAM, species-specific models
that estimate independent functions for each species; (iii) RL + WL
GAM, which integrates species-specific predictions by applying the RL
function to RL data and the WL function to WL data.

Model performance was evaluated using Monte Carlo cross-
validation stratified by incubation time (1000 iterations). The species-
specific models (RL GAM and WL GAM) captured the data distribution
more accurately, closely following the 1:1 line with relatively small
deviations (Fig. 6). The Combined GAM exhibits greater variability and
tends to underestimate higher fluorescence values, particularly for RL
samples. The RL + WL GAM substantially improves prediction consis-
tency compared to the Combined GAM, especially for high ArxIn values,
by leveraging independent species-specific response functions.

The predicted proliferation curves compared with observed values
over time was determined (Fig. 7). The RL GAM successfully reproduces
the growth dynamics across the entire temporal range, maintaining
strong alignment with the experimental data. The WL GAM accurately
captures average fluorescence levels but slightly underestimates
maximum responses in the later stages of incubation. In contrast, the
Combined GAM shows an increasing mismatch over time, which ex-
plains its weaker overall predictive performance. The RL + WL GAM
approach mitigates these discrepancies, yielding more stable predictions
that are better aligned with observed dynamics.

The residuals distribution was also inferred (Fig. 8), highlighting key
differences among the models: The Combined GAM shows a systematic
bias, with overestimation at low fluorescence values and underestima-
tion at high values. In the species-specific models, residuals are more
symmetric and centered around zero, although RL GAM shows slightly
higher variance at extreme intensity levels. The RL + WL GAM further
reduces extreme errors, resulting in the best trade-off between accuracy
and robustness among all evaluated models.

The GAM results are summarized in Table 1. Among the species-
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Fig. 5. Histogram plots of cumulated Area per class of Intensity for the Romaine lettuce (RL, green) and wild lettuce (WL, orange) at five Incubation times (T0005,
T0030, T0120, T0480, and T1440). The bars represent the average cumulated Area for each class of Intensity, with error bars representing the standard errors.
Significant differences between species within intensity classes, determined using the Tukey-HSD post-hoc test (p < 0.05), are denoted by different lowercase letters.
The right panels display the Gaussian distribution fits for the data at each incubation time, with the corresponding coefficients (a, b, ¢) and R? for RL and WL. The
curves provide an approximation of the data distribution across intensity classes for each species at each time point. (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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Fig. 6. Comparison between measured and generalized additive models (GAM) values for (a) RL GAM, (b) WL GAM, (c) Combined GAM, and (d) RL + WL GAM. The
1:1 dashed line represents perfect agreement between observations and predictions. Data for RL are shown in blue, while data for WL are shown in green. (For
interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

specific models, the RL GAM achieved the best overall performance,
explaining nearly 78% of the deviance and providing the most accurate
and stable predictions, with the lowest systematic bias. The WL GAM
explained approximately 61% of the deviance and, although it yielded
lower average prediction errors, showed a greater tendency to over-
estimate fluorescence values. The Combined GAM, which relied on a
single response function for both species, exhibited the weakest overall
performance, explaining about 67% of the deviance and showing the
highest residual dispersion, indicating that a common response function
was unable to fully capture species-specific colonization dynamics. By
contrast, the RL + WL GAM, which combines independent species-
specific functions, provided the best compromise between accuracy
and generalizability. Although its explanatory power was lower than
that of the RL GAM alone, it reduced prediction errors relative to the
Combined GAM while maintaining robust predictive performance across
the full range of fluorescence values. These results indicate that incor-
porating species-specific response functions substantially improves
model performance, particularly for the intermediate and high

fluorescence ranges where RL and WL exhibit distinct colonization
patterns.

Analysis of the contribution of individual predictors highlighted
consistent patterns across models (Table 2). For RL GAM, incubation
time dominated the response, accounting for over 90% of the explained
variance, while surface roughness metrics played a minor role. WL GAM
showed a similar structure but with a lower contribution of incubation
time (~62%) and a stronger influence of maximum roughness (=32%).
In the Combined GAM, incubation time remained the main driver, but its
effect differed markedly between species: approximately 52% for RL and
29% for WL, confirming the distinct temporal dynamics. The RL + WL
GAM successfully captures these differences, with incubation time
explaining nearly 77% of the variance, complemented by the contribu-
tion of maximum roughness (~20%).
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Fig. 7. Panels show the predicted fluorescence proliferation dynamics (Ar-In) over incubation time for the four generalized additive models (GAM) configurations.:
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3.4. Analysis of microbial growth using plate counting on WL and RL
surfaces over time

E. coli proliferation on leaf surfaces quantified over time by plate
counting (log CFU disc 1) revealed significant differences between WL
and RL at 30 min (p < 0.05), 480 min (p < 0.01), and 1440 min
(p < 0.001) (Supplemental Table 7). For WL, bacterial proliferation
remained low and relatively stable during the early phases (5 to
480 min), with values ranging between 0.82 + 0.78 and 1.09 + 0.86 log
CFU disc™!. A significant increase was observed only at 1440 min
(p < 0.05). In contrast, RL showed a continuous and more pronounced
increase in bacterial counts throughout the incubation period. Starting
from 1.37 + 1.02 log CFU disc™! at 5 min, RL values rose steadily,
peaking at 3.22 + 3.12 log CFU disc ™! at 1440 min. The largest increase
occurred between 120 min and 480 min, where a statistically significant
jump was detected (p < 0.05). Overall, plate counting indicated
consistently higher bacterial counts on RL than on WL, particularly after
480 min, when proliferation on RL markedly exceeded that observed on
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WL.
4. Discussion

In this study, we monitored the growth of an E. coli strain expressing
GFP on the surface of lettuce baby leaves using an integrated approach
that combines high-resolution fluorescence microscopy with predictive
modeling based on Generalized Additive Models (GAMs). Our results
demonstrate the potential of this framework as the basis for predictive
monitoring approaches, complementing standard plating-based mea-
surements and supporting the development of predictive relationships
between leaf surface traits and bacterial proliferation patterns.

Green Fluorescent Protein has been widely applied to monitor bac-
terial infections in living plants at cellular and whole-plant scales (Wang
et al., 2007). In the present study, GFP-labelled bacteria were used as
experimental tracers to enable high-resolution visualization of coloni-
zation dynamics under controlled conditions rather than as a direct
detection strategy applicable to post-harvest processing environments.
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Fig. 8. Residual distribution of the four generalized additive models (GAM) configurations for predicting fluorescence (Ar-In). Each panel shows residuals (predicted
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Table 1

Performance comparison of the four generalized additive models (GAM) con-
figurations for predicting fluorescence (Ar-In). The table reports the main ac-
curacy and error metrics: coefficient of determination (Rz), Nash-Sutcliffe
efficiency (NSE), root mean square error (RMSE, pm2~AU), ratio of standard
deviation of residuals to observations (RSR), and percentage bias (PBIAS, %).

Model R? Mean NSE RMSE RSR  PBIAS
explained (pm2 * (%)
deviance (%) AU)

Combined 0.471 0.675 0.394 25.52 0.78 11.18

GAM

RL GAM 0.584 0.777 0.539 25.89 0.68 4.18

WL GAM 0.413 0.607 0.381 16.98 0.79 18.84

RL + WL 0.584 0.692 0.554 21.89 0.67 8.9

GAM

Positive PBIAS values indicate model overestimation, whereas negative values
indicate model underestimation.

While previous studies have shown GFP intensity to be a reliable proxy
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Table 2

Percentage of variance explained by each predictor across GAM configurations.
Values are reported as mean (standard deviation) over 1000 Monte Carlo
iterations.

Predictor Percentage of variance explained
Combined RL GAM WL GAM RL + WL
GAM GAM
Incubation_time: 52.5 (6.65)
RL
Incubation_time: 28.9 (6.35)
WL
Incubation_time 91.6 (3.61)  62.3(12) 77 (7.81)
Rz 12.5 (5.9) 7.2(3.36) 32.2(11.5) 19.7(7.43)
Rq 6.1 (2.86) 1.2(1.33) 5.5 (4.78) 3.3 (3.06)

for bacterial quantification in suspension and biofilm settings (Wilson
et al., 2018), our results indicate that in the context of leaf surfaces,
intensity does not consistently correlate with bacterial (micro-)colony
area, limiting its use as a stand-alone quantification metric. Further
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development of this approach, possibly coupled with confocal laser
scanning microscope, could involve combining endogenous GFP
expression with propidium iodide (PI) staining to enable simultaneous
assessment of bacterial viability and growth at single-cell resolution
under physiologically relevant conditions (Avalos Vizcarra et al., 2013).
The experimental system adopted in this study was specifically designed
to overcome the optical limitations associated with quantitative fluo-
rescence imaging of intact lettuce leaves at single-cell resolution.
Although previous studies have successfully visualized GFP-labelled
bacteria within intact leaf tissues, these investigations primarily
focused on localized observations of bacterial attachment or internali-
zation rather than repeated quantitative monitoring of early
micro-colony development (Chahar et al., 2021; Kroupitski, Golberg,
et al.,, 2009; Zhou et al., 2018). By combining isolated epidermal
layers with species-specific plant juice-agar media, we established a
reproducible imaging platform that preserved the leaf surface archi-
tecture relevant for bacterial attachment while providing host-derived
nutrients and enabling continuous quantitative measurements of bac-
terial colonization under controlled experimental conditions.

Two fluorescence-based parameters were analyzed: (i) fluorescence
area (pmz), representing the spatial extent of colonization, and (ii)
fluorescence intensity (a.u.), reflecting the local signal density and
potentially the concentration of aggregated bacteria. While the fluo-
rescence area showed a consistent and significant increase over time,
fluorescence intensity displayed a more complex dynamic, with a mild
initial increase followed by stabilization and, in some cases, slight de-
creases at later stages. Similar behavior has been reported in
fluorescence-based studies of bacterial colonization, where signal in-
tensity may vary independently from cell abundance due to structural
heterogeneity within developing microcolonies and biofilms (Brandl,
2009; Kroupitski, Pinto, et al., 2009). This suggests that fluorescence
intensity alone may not reliably track bacterial proliferation on leaf
surfaces, likely due to heterogeneous biofilm development and struc-
ture, metabolic adaptations, or changes in GFP expression during sta-
tionary phases (Deering et al., 2012; Seo & Frank, 1999). Consequently,
combining area and intensity (ArxIn) provides a more robust measure of
colonization dynamics and was therefore adopted for predictive
modeling purposes. Similar composite fluorescence metrics have been
successfully applied to describe spatial organization and growth dy-
namics of bacterial populations on plant tissues and abiotic surfaces
(Dublan et al.,, 2014; Remus-Emsermann & Schlechter, 2018). This
combined metric therefore, represents a robust proxy for describing
micro-colony development under controlled experimental conditions.

Several studies have highlighted differing levels of susceptibility to
human pathogen contamination across various types of vegetables
(Hunter et al., 2015; Jacob & Melotto, 2020; Lenzi et al., 2022; Truschi
et al., 2023). In our study, romaine lettuce (RL) consistently exhibited
larger colonization areas and higher cumulative fluorescence levels than
wild lettuce (WL) at all incubation times, confirming a significantly
greater susceptibility to bacterial proliferation. Interestingly, substantial
differences in fluorescence coverage were already observed at the
earliest sampling time (5 min post-inoculation). Because bacterial pro-
liferation is expected to be negligible over such a short incubation
period, these differences are more likely to reflect the initial attachment
and spatial retention of bacterial cells than active cell division. Such
early attachment events are strongly influenced by leaf surface charac-
teristics, including epicuticular wax composition, surface hydropho-
bicity, roughness, and stomatal density (Truschi et al., 2023, 2024).
Notably, the RL cultivar “Bionda degli Ortolani,” previously identified as
among the most susceptible baby-leaf varieties within a panel of 30
accessions (Truschi et al., 2023), displayed extensive colonization in the
present study, underscoring the importance of cultivar-level variability
in microbial risk assessment. These findings are consistent with previous
studies (Jacob & Melotto, 2020; Truschi et al., 2023), which reported a
reduced colonization capacity in wild lettuce genotypes, likely driven by
differences in leaf surface architecture. In a recent investigation, Truschi
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et al. (2024) demonstrated that surface hydrophobicity, largely modu-
lated by epicuticular wax composition, and particularly by the presence
of three-dimensional wax crystals of C26 alcohol, plays a central role in
limiting bacterial adhesion. Wild lettuce, characterized by a higher de-
gree of hydrophobicity and a distinct waxy profile (Truschi et al., 2024),
exhibited significantly lower adhesion of Salmonella enterica compared
to romaine lettuce, supporting the hypothesis that surface physiology
strongly influences pathogen attachment. Therefore, the differences
observed immediately after inoculation most likely reflect
species-specific retention processes that establish the initial conditions
for subsequent bacterial proliferation, rather than differences in bacte-
rial growth rates.

Surface micro-morphology played a central role in colonization
patterns. Among the roughness parameters, the maximum vertical sur-
face variation (Rz), emerged as a key determinant of bacterial prolifer-
ation, explaining up to 19-32% of variance in predictive models.
Similarly, stomatal density was significantly higher in RL and, together
with Rz, likely increased the availability of micro-niches for bacterial
retention and protection. These findings align with previous reports
linking surface topography to enhanced bacterial adhesion and biofilm
formation (Kroupitski, Pinto, et al., 2009; Macarisin et al., 2013;
Palma-Salgado et al., 2020) and explain why RL surfaces, characterized
by more complex microstructures, and thus, higher surface area, sup-
ported higher proliferation levels than WL. Such structural variability
between cultivars highlights the importance of considering leaf
morphology in microbiological risk assessment and supports the need
for predictive tools capable of accounting for species- or cultivar-specific
behavior.

To better understand colonization dynamics, we applied Generalized
Additive Models (GAMs) to integrate incubation time, morphological
traits, and fluorescence responses. Unlike mechanistic microbial growth
models, the proposed GAM framework is not intended to estimate
intrinsic bacterial growth parameters. Rather, it quantifies the relative
contribution of temporal and leaf surface characteristics to the observed
colonization dynamics. Species-specific GAMs provided the highest
predictive accuracy, with the RL model explaining up to 91% of the
observed variance and the WL model capturing the main fluorescence
trends despite slightly higher variability and a modest positive bias. The
RL + WL GAM, which combined independent species-specific functions,
achieved a robust compromise between accuracy and generalizability:
compared with the Combined GAM, it reduced average prediction errors
by approximately 15% and improved predictions across intermediate
and high fluorescence ranges. By contrast, the Combined GAM, based on
a single response function, showed weaker performance, under-
estimating high fluorescence values and failing to capture species-
specific colonization dynamics. These models therefore represent the
main transferable outcome of the study, as they provide a quantitative
framework linking leaf surface traits to colonization dynamics inde-
pendently of the specific fluorescence detection strategy adopted,
consistent with recent efforts to integrate structural leaf traits into pre-
dictive microbial models for fresh produce systems (Mishra et al., 2017;
Sant’Ana et al., 2012).

Across all model configurations, incubation time was consistently
proven as the most influential predictor, confirming its central role in
bacterial colonization kinetics on leaf surfaces, as widely reported for
epiphytic growth of enteric pathogens on leafy vegetables (Brandl,
2006; Erickson, 2012). However, morphological traits, particularly
maximum roughness (Rz), also contributed substantially to model per-
formance, highlighting their relevance in predicting colonization risk.
By contrast, Rq (mean roughness) had only a minor effect, and stomatal
density contributed indirectly, likely through its interaction with surface
microtopography. These findings support previous observations that
microscale leaf surface structure influences bacterial attachment,
retention, and aggregation patterns in the phyllosphere (Barak et al.,
2013; Kroupitski, Pinto, et al., 2009; Remus-Emsermann & Schlechter,
2018). Together, these results indicate that while time remains the
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dominant driver of microbial proliferation, micro-morphological fea-
tures act as important modifiers of colonization patterns and should
therefore be considered in risk-oriented predictive frameworks.

By integrating fluorescence-based measurements with predictive
GAMs, this study establishes a quantitative framework linking leaf sur-
face microtopology to early bacterial micro-colony development,
improving our understanding of how bacterial populations organize and
expand on leaf surfaces under controlled experimental conditions.

Fluorescence-based quantification was also compared with tradi-
tional colony-forming unit (CFU) counts. While CFU plating remains the
standard method for enumerating viable culturable cells, fluorescence
microscopy enabled visualization of the early spatial organization and
development of bacterial micro-colonies before substantial changes
became apparent in plate counts. Because fluorescence-derived de-
scriptors and CFU enumeration quantify different aspects of bacterial
colonization, the two approaches should be regarded as complementary
rather than directly comparable. Conventional CFU enumeration re-
quires homogenization of the leaf tissue before plating, providing an
estimate of the total number of recoverable culturable cells but inevi-
tably disrupting the spatial organization of bacterial populations on the
leaf surface. Consequently, CFU measurements cannot capture the initial
attachment, aggregation, and spatial organization of bacterial cells into
developing micro-colonies, phenomena that characterize the early
stages of bacterial colonization on leafy vegetables (Deering et al., 2012;
Seo & Frank, 1999). This limitation is particularly relevant during the
early phases of colonization, when bacterial cells are heterogeneously
distributed across the leaf surface and their behavior is influenced by
microscale interactions and stochastic processes (Manios et al., 2013).
Although the use of GFP-labelled bacteria is not directly transferable to
industrial monitoring applications, fluorescence imaging provides a
valuable experimental platform for investigating early colonization
dynamics under controlled conditions and for establishing predictive
relationships between leaf surface characteristics and bacterial
proliferation.

The objective of the proposed GAM framework is not to replace
conventional predictive microbiology models but to complement them
by incorporating microscale structural descriptors of the leaf surface
that are generally not considered in traditional growth models. A
number of studies have described bacterial growth on leafy vegetables
using classical predictive models based on changes in microbial pop-
ulations over time (Mishra et al., 2017; Sant’Ana et al., 2012). Other
modeling approaches are related to the Quantitative Microbial Risk
Assessment model (QMRA), likelihood of illness from exposure to
pathogens in food, water, or the environment (Bulut et al., 2025; Pang
et al., 2017). However, to our knowledge this study represents one of
the first attempts to model the early development of bacterial
micro-colonies directly at the leaf surface starting from single-cell ob-
servations. Future developments may include high-throughput fluores-
cence imaging approaches combined with GAM-based prediction to
support quantitative assessment of colonization risk and pathogen
growth on leafy vegetables. In this context, fluorescence imaging should
therefore be interpreted primarily as a calibration platform for model
development rather than as a direct industrial detection technology.
Given the repeated implication of romaine lettuce in large-scale E. coli
0157:H7 outbreaks (Coulombe et al., 2020; Slayton et al., 2013;
Waltenburg et al., 2022), the adoption of predictive, real-time moni-
toring tools has the potential to enhance microbial safety and improve
traceability in the fresh-cut produce industry.

Despite providing promising insights into fluorescence-based moni-
toring of bacterial proliferation, this study has several limitations that
should be considered when interpreting the results. First, the experi-
ments were performed under controlled laboratory conditions and at a
single incubation temperature (37 °C), corresponding to the optimal
growth temperature of E. coli. Consequently, the colonization dynamics
observed over time are specific to these experimental conditions and
should not be directly extrapolated to industrial environments, where
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temperature, humidity, and processing-related stresses vary substan-
tially. Future studies should therefore validate the proposed predictive
framework under commercially relevant conditions, particularly across
the temperature ranges encountered during the fresh-cut produce cold
chain. Second, fluorescence observations were performed on isolated
adaxial epidermal layers placed on species-specific plant juice-agar
media to overcome the optical limitations associated with quantitative
fluorescence imaging of intact lettuce leaves. This experimental
configuration preserves the principal leaf surface micro-morphological
traits involved in bacterial attachment while enabling reproducible
high-resolution imaging. However, it does not fully reproduce the three-
dimensional architecture and physiological complexity of intact leaves,
including tissue organization, water dynamics, and plant responses that
may influence bacterial colonization. Therefore, the proposed system
should be regarded as a controlled, biologically informed platform for
quantitatively investigating early colonization dynamics rather than as a
direct representation of post-harvest contamination processes. Third,
although fluorescence microscopy allowed us to track bacterial coloni-
zation with high spatial resolution, fluorescence intensity alone showed
inconsistent correlation with bacterial abundance, particularly at later
incubation stages, likely due to metabolic shifts or altered GFP expres-
sion. This highlights the need to validate fluorescence-derived metrics
against absolute bacterial counts under a wider range of physiological
conditions. Furthermore, the study focused on a single, non-pathogenic
bacterial strain (E. coli expressing GFP) and two lettuce genotypes,
which limits the generalizability of the findings. Different pathogen
species and host genotypes are known to exhibit distinct attachment
strategies and colonization behaviors on leaf surfaces, and these aspects
should be systematically explored in future studies. Additionally, while
our Generalized Additive Models (GAMs) demonstrated strong predic-
tive performance, model robustness was evaluated using Monte Carlo
simulations based on a limited dataset; further validation with larger,
independent datasets and under real-world processing conditions will be
required before implementation in industrial monitoring systems.
Finally, although we demonstrate the feasibility of integrating high-
resolution imaging with predictive modeling, the scalability of fluores-
cence microscopy for in-line high-throughput applications remains a
challenge, especially in terms of acquisition speed, cost, and automation.
Future developments should explore optimized imaging systems,
advanced machine learning algorithms, and multispectral detection
platforms to overcome these constraints and enable robust, real-time
monitoring in fresh-cut salad production chains.

Finally, although this study demonstrates the feasibility of inte-
grating high-resolution imaging with predictive modeling, the scalabil-
ity of fluorescence microscopy for in-line high-throughput applications
remains a major challenge, particularly in terms of acquisition speed,
cost, and automation. Future developments should therefore focus on
translating the relationships identified here into alternative sensing
strategies compatible with industrial environments, including optimized
imaging systems, machine-learning-based image analysis pipelines, and
multispectral detection platforms capable of supporting robust, real-
time monitoring in fresh-cut salad production chains.

5. Conclusions

This study shows that combining high-resolution fluorescence im-
aging with Generalized Additive Models offers a robust framework for
describing early bacterial colonization dynamics on lettuce leaf surfaces
under controlled experimental conditions. The use of GFP-labelled
Escherichia coli made it possible to visualize micro-colony development
in detail and to identify the main factors driving proliferation. Incuba-
tion time emerged as the strongest predictor, while leaf surface micro-
morphological traits, particularly maximum roughness (Rz), also
contributed meaningfully to model performance.

Although fluorescence imaging based on genetically labelled bacte-
ria cannot be directly applied to post-harvest monitoring systems, it
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provides an effective calibration platform for establishing predictive
relationships between leaf surface structure and microbial growth.
Within this framework, the GAM-based models represent the most
transferable outcome of the study, as they enable a quantitative
assessment of how temporal and morphological factors jointly influence
bacterial proliferation, independently of the specific fluorescence
detection strategy used.

Overall, this integrated approach advances our understanding of
bacteria-leaf surface interactions and supports the development of
predictive tools for evaluating cultivar-dependent susceptibility to
contamination (with pathogenic strains), with potential implications for
future risk-assessment strategies in fresh-cut salad production systems.
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