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ARTICLE INFO ABSTRACT

MSC: Bacterial biofilms play crucial roles across diverse contexts, from public health risks to beneficial applications
0000 in bioremediation, biodegradation, and wastewater treatment. However, tools that enable high-resolution,
111 dynamic analysis of their responses to environmental cues and collective cellular behaviors remain limited.
Keywords: Here, we present a droplet-based microfluidic platform that combines continuous in situ microscopy with
Biofilm formation subsequent unsupervised deep learning for quantitative analysis of biofilm development. In our setup, Bacillus
Unsupervised segmentation subtilis cells are encapsulated in monodisperse aqueous microdroplets containing Lysogeny Broth, suspended

Droplet microfluidics
Microscopy

Variational autoencoder
High-throughput screening

in an oil phase and immobilized within microfabricated traps, providing continuous optical access throughout
biofilm formation at the water—oil interface. The platform supports both fluorescence and bright-field imaging,
enabling high-throughput, time-resolved monitoring of thousands of droplets under controlled conditions.
To extract quantitative information from these large datasets, we developed an automated analysis pipeline
based on a Variational Autoencoder (VAE) trained directly on microscopy images from our experiments.
This unsupervised model enables segmentation and latent-space representation of bacterial structures without
manual annotation or synthetic training data. Post-segmentation size thresholding enables classification of
bacterial aggregates and larger biofilm-like clusters, including quantification of biofilm porosity, thereby
supporting detailed morphological and temporal analyses across droplets and conditions. By integrating droplet
microfluidics with unsupervised deep learning, our platform provides a scalable, robust, and rapid approach
for high-throughput quantitative studies of biofilm behavior. It resolves complex structural biofilm patterns,
bypasses the need for manual annotation, and opens new opportunities to probe environmental determinants
of biofilm formation. Departing from earlier methods, our framework fuses biological training data with
unsupervised models to quantify microbial community dynamics across scales, offering a generalizable platform
for future high-resolution microbiology.

1. Introduction sensing [4], enabling association and synchronization. Biofilm forma-
tion is one of the most prominent examples of such collective behavior.
In this state, cells embed themselves in an extracellular matrix (ECM)

. . . . . that anchors them to the interface between two media [5]. The biofilm
that rely on complex collective behaviors to withstand hostile environ- . . . .
structure promotes close cell-to-cell interactions and task differentia-

mental conditions [1]. These behaviors emerge from their capacity to tion, such as the emergence of motile scouts or recalcitrant cells like
move through their surroundings [2,3] and communicate via quorum endospores [6].

Bacteria, despite their small size, are highly adaptable organisms
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This organization enhances bacterial resistance to environmental
stressors, including predation [7], desiccation [8], and antibiotics [9].
In the case of antibiotics, biofilms contribute to resistance by facil-
itating genetic exchange and promoting collective tolerance [10,11].
While they present challenges in healthcare (e.g., persistent infections
and sterilization difficulties [12]), biofilms also have beneficial appli-
cations in bioremediation and biotechnology [13] due to their unique
metabolic capabilities.

Most experimental biofilm studies rely on bulk culture systems such
as agar and well plates, or on substrate-based systems analyzed ex situ,
including the Modified Robbins Device [14] and the drip-flow biofilm
reactor [15]. However, these methods disrupt the native environment
and prevent real-time observation [16]. In contrast, microfluidics offers
an alternative platform for microbiological studies [17], enabling in situ
visualization through transparent microfluidic chips.

Over the past decade, microfluidic technology has transformed
biomedical and clinical applications through precise microscale fluid
control, reduced sample requirements, rapid analysis, and enhanced
sensitivity. Recent reviews highlight its expanding role in diagnos-
tics, monitoring, and treatment, underscoring its broad impact across
healthcare disciplines [18,19].

When designed with two immiscible liquid phases, microfluidic sys-
tems can produce droplets—discrete, compartmentalized environments
that mimic isolated microhabitats. Each droplet functions as an indi-
vidual experimental unit within an emulsion-like suspension, allowing
for parallelization and high-throughput data generation [20,21].

Droplet microfluidics in particular has emerged as a powerful tech-
nology for high-throughput single-cell analysis, enabling the encapsu-
lation of individual cells within nanoliter- to picoliter-scale reactors
that support detailed phenotypic and genomic investigation [22]. These
droplet-based platforms allow controlled single-cell screening, stud-
ies of intercellular interactions, and scalable biological assays, while
also raising practical considerations regarding throughput, system in-
tegration, and standardization [22]. They have also been applied to
investigate microbial behavior, including that of B. subtilis, in well-
defined droplet microenvironments. For example, Chang et al. [23]
introduced monodisperse emulsion drops as 3D microenvironments for
B. subtilis growth and visualized structural differentiation within each
drop. More recently, Tang et al. [24] used droplet microfluidics and
confocal imaging to track B. subtilis clustering and motility near the
droplet interface, finding that cells preferentially localize at droplet
surfaces. In parallel, droplet-based systems have also been employed to
study microbial community dynamics, single-cell physiology, and high-
throughput culture assays [20,21,23], establishing droplets as powerful
platforms for probing bacterial physiology in controlled microhabitats.
The integration of artificial intelligence (AI) with droplet microfluidics
further expands the analytical capabilities of these systems. Recent
advances demonstrate how Al-driven approaches can optimize droplet
generation, material synthesis, and biological analysis, enabling intelli-
gent system control and high-dimensional data interpretation [25,26].
High-throughput microfluidic platforms increasingly rely on machine
learning to process multimodal datasets — including images, videos,
and electrical signals — thus accelerating biomedical detection, drug
screening, and automated system design [27].

Despite the growing adoption of droplet-based systems, quanti-
tative image analysis of bacterial structures remains a major chal-
lenge. Most existing segmentation workflows rely on supervised deep-
learning models such as U-Nets [28-30] or convolutional neural net-
works (CNNs) [31], which require extensive pixel-level annotations and
perform best under well-controlled imaging conditions. For example,
recent studies applying U-Net or DeepLabv3+ architectures to bright-
field or SEM datasets have reported moderate to strong segmentation
performance [29,30,32], while frameworks such as MiSiC [28] have
focused primarily on qualitative evaluation for phase-contrast and flu-
orescence images. In volumetric contexts, approaches such as BCM3D
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and its subsequent semi-supervised extension [31,33] have demon-
strated the feasibility of segmenting 3D fluorescence biofilms, although
these methods still rely on curated annotations or extensive manual
parameter tuning.

Beyond supervised segmentation, deep learning has increasingly
enabled label-free bio-imaging and automated droplet classification.
Light-scattering-based droplet screening platforms now permit label-
free single-cell detection within microdroplets by minimizing refractive
index mismatch, reducing reliance on fluorescence labeling [34]. Deep
neural networks such as ResNet architectures have been successfully
applied to classify cell-containing droplets in microscopy images with
high accuracy, even in complex functional assays [35]. More broadly,
Al-assisted microfluidic bio-imaging integrates advanced imaging sen-
sors with machine learning algorithms for super-resolution, classifi-
cation, and detection tasks, significantly enhancing high-throughput
image analysis [36]. Recent reviews further emphasize the role of
deep learning in label-free image processing, cell state classification,
regression analysis, and generative modeling to improve reproducibility
and scalability in single-cell studies [37].

While supervised and semi-supervised pipelines have substantially
advanced bacterial image analysis, their reliance on annotated train-
ing data or manual tuning limits scalability and reproducibility—
particularly for high-throughput droplet assays where hundreds to
thousands of images must be processed. Unsupervised deep-learning
models offer a compelling alternative by learning intrinsic structural
features directly from experimental data, reducing the need for an-
notated datasets and enabling more consistent segmentation across
diverse imaging conditions.

To bridge this methodological gap between high-throughput droplet
imaging and scalable, annotation-free analysis, we developed a work-
flow that combines droplet-based microfluidics with unsupervised deep
learning. In this framework, biofilm-forming bacteria are inoculated in
the aqueous phase of microfluidic droplets, enabling high-throughput
imaging of self-contained microenvironments. Each droplet acts as a
miniature culture from which we collect detailed microscopy data from
hundreds of droplets. To efficiently process and analyze the resulting
large and complex image dataset, we employ Variational Autoencoders
(VAEs) [38,39], which learn to represent intricate image structures in
an unsupervised manner without requiring annotated datasets.

In our implementation, the VAE is trained directly on microscopy
images from the droplet experiments, enabling it to learn structural
features inherent to the biological system without reliance on manual
annotations or synthetic data.

The VAE architecture comprises an encoder that compresses image
crops into a low-dimensional latent space and a decoder that recon-
structs them. In this work, we bypass the decoder and operate directly
in the latent space, where spatial and structural features are encoded,
enabling automated segmentation and quantitative feature extraction
without the need for image reconstruction. This strategy provides an
efficient and scalable approach for analyzing high-throughput datasets.

In this work, we demonstrate the platform with fluorescence and
bright-field microscopy, maintaining temporal synchronization with
droplet generation. The VAE efficiently processes the resulting large-
scale time-lapse datasets, allowing automated segmentation and quan-
titative analysis of bacterial structural organization. A subsequent size-
based thresholding step further enables quantification of smaller bacte-
rial aggregates, larger biofilm-like clusters, and the porosity of biofilm
structures.

Finally, the microfluidic system enables controlled variation of envi-
ronmental parameters, such as nutrient availability and chemical treat-
ments, that shape bacterial community development. Combined with
optical time-lapse microscopy and unsupervised deep learning—based
image analysis, this integrated platform provides a robust and scalable
framework for high-throughput, quantitative investigation of bacterial
community behavior under defined microenvironmental conditions.
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2. Materials and methods
2.1. Bacterial strain

The genetically modified fluorescent strain Bacillus subtilis MTC871
(modifications stated in SI, Appendix A) was used as the model organ-
ism. This strain exhibits red fluorescence when motile, blue fluores-
cence in the matrix-forming state, and green fluorescence when forming
endospores. The strain was grown in Lysogeny Broth Lennox medium
(Sigma-Aldrich, Germany) at the optimal growth temperature [40],
37°C, until the 0Dy, reading of the culture was stable (O D¢, = 1.0).
To assess the reproducibility and repeatability of the experiments, the
growth curve of Bacillus subtilis and the relation between the OD of a
sample and bacterial concentration were established using the spread
plate technique (see SI Appendix A, Fig. A.1 and Fig. A.2.) Bacillus
subtilis (in a concentration of O D¢y, = 0.06) were inoculated in Falcon
reservoirs filled with Lysogeny Broth (LB) medium. One reservoir was
kept sterile as a negative control to generate empty droplets. Reagents
were added to assess their impact on biofilm formation. The effects of
Penicillin/Streptomycin (Pen/Strep, 5000 units of penicillin and 5 mg
streptomycin per 1 mL, Sigma-Aldrich, Germany) at concentrations
ranging from O to 4 pL per 1 mL of medium, as well as filter-sterilized
glycerol (Dutscher, France) at a fixed concentration of 1% (v/v), were
investigated within the droplets.

2.2. Droplet-based microfluidic platform

Each droplet functions as a self-contained microenvironment, mak-
ing it essential that all components involved — surfactant, oil, aqueous
phase, chip substrate, and analysis techniques — are carefully selected
and tuned in harmony. In this context, where the species of interest
were encapsulated within individual droplets, the biocompatibility of
every element becomes crucial. The continuous phase consisted of
HFE-7500 perfluorinated oil (Novec7500, 3M) with a 1% (w/w) con-
centration of Fluorosurf surfactant (Emulseo, France). The negative
control, bacterial suspensions, and continuous phase reservoirs were
connected to a pressure pump OB1 (Elveflow, France) to accurately
control the liquid injection into the chip and coupled with flow sen-
sors, MFS2D (Elveflow, France) for the dispersed phase and MFS3D
(Elveflow, France) for the continuous phase. A diagram of the complete
setup can be found in SI Appendix B, Fig. B.3. The pressure pump
can establish a feedback loop to allow precise control of the liquid
flow rate. Teflon tubing with an outer diameter of 1/32"” and inner
diameter of 300 pm (Darwin Microfluidics, France) was used to connect
all the fluidic parts. To properly control the dispersed phase, 20 cm
of 100 pm inner diameter resistance tubing (Elveflow, France) was
added to the platform after the flow sensor. A rotary multi-injection
valve (MUX distributor from Elveflow, France) was added to allow the
permutation of the dispersed solutions (negative control and bacterial
suspensions) within the same chip. The sequence of measured solutions
was spaced with pure perfluorinated oil included in the multi-injection
valve channels to prevent the mixing of consecutive solutions, as shown
in SI, Appendix B, Fig. B.3.

2.3. Microfluidic chip

A microfluidic chip (Fluidic 719, Microfluidic Chipshop, Germany)
fabricated from the cyclo-olefin copolymer Topas was used for droplet
generation. The dispersed and continuous phases were introduced
through separate inlets into a flow-focusing geometry with an 82 pm
nozzle (SI Appendix B, Fig. B.3). The resulting droplets were directed
into a serpentine channel containing microfabricated traps. Before each
experiment, the channels were treated with Aquapel [41] and rinsed
with the continuous phase to promote dewetting of the dispersed phase
and prevent droplet coalescence. Droplet formation was controlled by
adjusting the flow rates, with the continuous phase set to 35 pL/min and
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the dispersed phase to 2 pL/min. This configuration produces highly
monodisperse droplets with a diameter of approximately 150 pm (CV
= 2%), corresponding to a volume of ~1.7 nL (SI Appendix C, Fig.
C.4). Monodispersity served as the primary control parameter to ensure
equivalence across droplets.

The droplets were generated from a bacterial suspension with an
initial 0Dy, = 0.06, yielding an estimated 14 CFU (Colony Forming
Units) per droplet based on the calibration curve, which we take as an
approximation of the number of bacteria encapsulated per droplet.

Along the serpentine channel, which has a height of 110 pm, a total
of 2261 droplet traps were alternatively positioned on each side. Each
trap has a diameter of 173 pm and an additional height of 80 um. The
aqueous phase droplets, less dense than the perfluorinated oil, float
in the serpentine channel and become stuck in the traps, preventing
their displacement, as illustrated in SI Appendix B, Fig. B.3. Given the
size of the droplets, only one droplet can be contained in each trap,
and the rest dodge it and continue their trajectory until they reach the
next free trap or the chip outlet. However, droplets can be replaced
or pushed out from their trap at high flow rates. The dispersed phase
flow was stopped once the reagent sequence was finished, while the
continuous phase flow continued until all the droplets were trapped.
Once the desired number of traps was filled, low-volume displacement
plugs (Microfluidic Chipshop, Germany) were used to seal the inlets,
preventing evaporation.

2.4. Biofilm observation

The chip architecture provided stationary and stable bacteria-
containing droplets, which were monitored over time as shown in
Fig. 1A. Intra-droplet pellicle formation was triggered at the oil-liquid
interfaces of the droplet surface due to the high oxygen permeability
of the oil, (further experimental evidence is provided in SI, Appendix
D). This process was monitored using either fluorescence or bright-field
time-lapse microscopy, as described below.

2.4.1. Fluorescence microscopy

To evaluate the platform’s performance in assessing antibiotic ef-
fects on bacterial cultures, fluorescence microscopy time-lapse imaging
was performed on 2000 droplets. Two fluorescence channels were
used: Texas Red, detecting motile cells expressing the mKate fluo-
rophore linked to flagellin production (peak excitation/emission at
572/629 nm), and FITC, detecting endospore formation via the cit-
rus fluorophore linked to PsspB protein production (peak excitation/
emission at 500/535 nm). The fluorescent reporter for matrix produc-
tion, based on Cyan Fluorescent Protein (CFP), was not employed in
this study due to the photo-toxic effects of its excitation wavelength
(approximately 430-435 nm), which can induce cell death or physio-
logical stress [42,43]. This effect is illustrated in the SI Video 1 and 2,
showing a droplet before and after irradiation. Accordingly, the CFP
reporter was never utilized in our experiments. Moreover, no fluo-
rescent measurements were performed during time-lapse acquisitions
to avoid potential loss of viability, stage-dependent effects, or other
light-dependent biases [44].

2.4.2. Bright-field microscopy

Two different approaches were used for bright-field microscopy
measurements: a low-throughput and a high-throughput setup. The
low-throughput time-lapse imaging of a few droplets at short acqui-
sition intervals was used to establish an automated VAE-based image
analysis model and reference for biofilm formation dynamics. Images
were acquired using an inverted microscope (DMi 6000B; Leica Mi-
crosystems, Wetzlar, Germany) equipped with a SOLA III U-nIR LED
source (Lumencor, Beaverton, USA) and a Hamamatsu Orca Flash 4
camera (Hamamatsu Photonics, Kista, Stockholm). Six droplets were
automatically imaged at 63x magnification every 7 min for 17.5 h.

A total of 676 trapped droplets were manually imaged at defined
time intervals to monitor biofilm development using a compound light
microscope at 40x magnification (Microscope Axio Vert.A1 TL/RL, Carl
Zeiss AG, ZEISS, Germany).
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Fig. 1. Droplet analysis pipeline and latent space visualization of biofilm images. A. In the experimental process, a freshly inoculated bacterial suspension produces
and stabilizes droplets inside a microfluidic chip. The development and change of biofilm structures were observed in situ using bright-field timelapse microscopy.
B. The image processing pipeline includes droplet detection, random cropping, and the angular transformation, which prepare the bright-field images for analysis
using the Variational Autoencoder. The processed images serve as the input for feature extraction. C. The histogram represents the latent space of the trained
VAE. The chosen color code helps distinguish the droplet background from bacterial structures. Representative elements from different bins along the latent space
illustrate the progression from an empty crop to the early formation of biofilm and then to more complex structures. D. Visual overlay generated by passing the
droplet through the trained VAE using a structured grid. Representative crops from selected histogram bins are overlaid to show their spatial positions within

the droplet.

2.5. Image analysis

Fluorescence images were quantified by measuring the emission
intensity within each droplet. The mean intensity of each droplet was
calculated, and each wavelength channel was normalized to the highest
mean value across all batches. The resulting normalized intensities
were plotted as a function of antibiotic concentration. The experiment

was repeated four times, analyzing more than 500 droplets of each type
in total.

Bright-field images were analyzed using an unsupervised learning
approach based on a VAE. The latent space representation was used
to map structural patterns within the images, enabling detailed char-
acterization of bacterial structures. These images were acquired with
the compound light microscope and were resized to a fixed resolution
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of 256 x 256 pixels. The droplets were detected as circular features
using the Hough Circle Transform, an algorithm for identifying circular
shapes and defining the droplet area.

The detected droplets were cropped to a reduced radius of 4/5 of
the original to isolate the core region, followed by the application
of a Gaussian-blurred mask to create smooth boundaries. The pro-
cessed images were then converted to grayscale. In contrast, time-lapse
bright-field images acquired with the inverted microscope were at their
original resolution, focusing solely on detecting circular features using
the Hough Circle Transform approach.

The VAE models were trained directly on microscopy images ob-
tained from droplet experiments, without using synthetic data or man-
ual annotations. Two representative grayscale images per setup were
selected: one showing a well-structured biofilm and another displaying
a dispersed, planktonic population. Because the VAE learns to represent
image features without pre-labeled data, the training was fully unsu-
pervised, allowing the model to capture intrinsic structural variation
within the biological samples. A separate model was trained for each
microscopy setup to account for differences in illumination and imaging
conditions.

To enhance spatial diversity and improve pattern recognition,
10,000 random crops with a radius of 12 pixels were extracted from
each training image. The crop radius was selected as a compro-
mise between spatial specificity, robustness to label-free bright-field
(BF) texture variability, and computational efficiency. Smaller crops
increase spatial resolution but are more sensitive to local intensity
fluctuations and acquisition artifacts (e.g., illumination non-uniformity
and boundary shading), which can increase false positives, whereas
larger crops provide more context but may mix biofilm and back-
ground and oversmooth thin or faint structures. To relate this choice
to the physical scale of bacteria in our images, we estimated single-
cell dimensions in pixel units from representative BF frames using
Fiji/ImageJ rectangular ROIs (n = 50). The measured bounding-box
dimensions were Width = 12.55 + 2.48 px and Height = 12.88 + 1.86 px
(mean + SD; medians 12 px and 13 px; ranges Width 10-27 px, Height
10-18 px), indicating that a crop radius of 12 px is well matched to the
characteristic per-cell texture scale. Because bacteria are rod-shaped,
capturing the short-axis (cell width) texture scale is often sufficient for
local recognition even if the full cell length extends beyond a single
crop; longer structures are represented across neighboring regions
through the overlapping sampling used during reconstruction. Having
defined the crop radius, the extracted crops were then transformed
into a radial coordinate system to achieve rotation-invariant learning,
enabling the model to focus on structural rather than orientational
features. To further reduce sensitivity to cell orientation, these crops
were transformed into a radial coordinate system to achieve rotation-
invariant learning, enabling the model to focus on structural rather
than orientational features. Specifically, the transformation performed
a polar Fourier decomposition, where angular harmonics were analyzed
within radial bins. This yields a compact encoding of angular and radial
spatial frequencies, from which the VAE learns meaningful, orientation-
independent representations. A visual overview of this preprocessing
pipeline is shown in Fig. 1B.

The VAE architecture was designed to encode the bright-field image
representation into a one-dimensional latent variable. The encoder and
decoder each comprised two 1D convolutional blocks with channel
widths [32, 64] (no pooling/upsampling), using LeakyReLU activations
(negative slope 0.1), Identity normalization, and dropout 0.1 in inter-
mediate blocks. The latent dimension was set to 1, parameterized by
fully connected layers producing u and 62 of the approximate poste-
rior, and the decoder used a corresponding fully connected mapping
followed by convolutional decoding; the final decoder output employed
a Sigmoid activation.

Training the VAE model consists of (i) a reconstruction term com-
puted using Binary Cross Entropy loss (BCELoss, reduction = “sum”)
and (ii) a Kullback-Leibler divergence regularization term weighted
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by # = 1.0. Optimization was performed using Adam with a learning
rate of 0.002 for 1000 epochs. The model was implemented in Py-
Torch/Lightning using the Deeplay framework [45], and training was
executed on an MPS-accelerated backend (Apple Metal Performance
Shaders). Full implementation details, including the exact fully con-
nected mappings used for y, 6%, and decoder preprocessing for the 8 x 8
input representation, are provided in SI Appendix E. After training, the
encoder extracted a single latent variable from each crop, generating
compressed representations that captured key image features for down-
stream analysis. The distribution of these features was visualized as a
histogram of latent variables, where the x-axis represented the latent
dimension and the y-axis the frequency of occurrences (Fig. 1C). Each
bin was color-coded using a green-magenta colormap corresponding to
different structural patterns in the latent space.

The latent-space histogram enabled spatial mapping of image re-
gions to structural classes. In this representation, magenta corresponded
to background regions, including droplet interiors lacking visible bac-
teria and the surrounding dark area, while green represented bacterial
features such as individual cells, aggregates, and larger biofilm forma-
tions. The color assignments were determined through visual inspec-
tion of representative crops. A threshold along the latent dimension
was manually selected to separate background from bacterial regions,
guided by a clear visual transition between feature-free and biofilm-rich
areas. This threshold was applied consistently across all datasets. Rep-
resentative crops are arranged by their latent-bin positions, as shown
in Fig. 1D. Using this classification, spatial maps of biofilm structures
were generated by overlaying the mapped colors onto the original
droplet images. This was achieved by passing each image through the
trained VAE using a structured grid approach that preserved spatial
context. Each grid section was assigned a latent value based on its
content, then colorized according to its classification. A stride-based
sampling strategy ensured smooth transitions between adjacent areas,
minimizing abrupt color shifts and preserving spatial continuity.

This workflow formed the basis for a segmentation pipeline capable
of generating consistent masks for isolating and quantifying bacterial
structures. These masks were used to extract morphological metrics,
including size, area distribution, and spatial organization, providing a
quantitative foundation for analyzing biofilm structures within droplet
microenvironments.

3. Results and discussion
3.1. Fluorescence microscopy: Antibiotic sensitivity screening

Fluorescence microscopy enables rapid and specific quantification
in high-throughput assays, and we used this modality to validate the
platform by testing whether it could capture population-level responses
to environmental variation. Fluorescence was introduced through ge-
netic modification by incorporating reporter genes that encode fluo-
rescent proteins under the control of specific promoters. In these con-
structs, the fluorescent protein gene is transcriptionally linked to target
genes that are active in particular physiological states, so that when
the target gene is expressed, the fluorescent protein is produced si-
multaneously and emits detectable fluorescence. This approach ensures
that fluorescence serves as a proof for the expression of state-specific
proteins rather than an independent property of the cell [46].

Commonly used fluorescent reporter genes, such as variants of
Green Fluorescent Protein (GFP) [47] or other fluorescent proteins,
are genetically encoded and expressed as part of the bacterial protein
synthesis machinery. When expressed, these proteins fold into struc-
tures that generate a fluorophore, enabling live-cell imaging of gene
expression dynamics without the need for external dyes.

In this study, flagellin and endospore coating proteins were selected
as markers of distinct life states in the fluorescent B. subtilis strain
MTC871. Fluorescent protein expression was placed under the control
of the corresponding promoters, ensuring that fluorescence in each
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Fig. 2. Biofilm formation in the presence of antibiotics after 12 h of incubation. A. Droplets are considered empty or proliferated, and their proportion depends
on the presence of antibiotics in the medium. Increasing antibiotic concentrations reduced the proportion of droplets showing any signs of growth. B. The signal
intensity of the red channel indicates the presence of planktonic bacteria. The signal is negligible in empty droplets but varies in proliferated droplets, depending
on the presence of antibiotics. The abundance of planktonic bacteria in proliferated droplets was inversely correlated with antibiotic concentration. C. The signal
intensity of the green channel indicates the presence of endospores, a consequence of biofilm formation. Empty droplets show a weak signal, while proliferated
droplets differ according to antibiotic presence. The highest spore production happened for low concentrations of antibiotic, while in its absence, spore production
was comparable to the MIC at 4 pL/mL. Games-Howell post hoc comparisons were performed; concentrations not sharing a common letter differ significantly

(p < 0.05).

channel is restricted to cells actively expressing these life-state-specific
genes and thus enabling discrimination of physiological subpopulations
based on their fluorescent profiles.

To evaluate how these subpopulations respond to antibiotic ex-
posure, we quantified proliferation across antibiotic concentrations
in a droplet-based high-throughput format. After 12 h — when full
population development is expected according to the growth curve
of B. subtilis (see SI Appendix A, Fig. A.1) — a single fluorescence
image was acquired to assess the relative abundance of motile cells and
endospores. These two stages were chosen as a reference for population
development: motile bacteria constitute the starting population, while
spores appear later. Moreover, endospores are highly tolerant to en-
vironmental conditions, in contrast to motile bacteria, which remain
susceptible to antibiotics even at low concentrations.

Droplets were imaged at 4x magnification to capture multiple
droplets per frame, which were then segmented and analyzed individ-
ually. Four experiments were performed, consisting of approximately a
batch of 500 droplets, 100 droplets for each antibiotic concentration;
the specific numbers can be found in SI Appendix G, Table G.2.
Consistent fluorescence intensity and exposure settings were main-
tained across all antibiotic concentrations for both emission channels.
Droplets lacking signal in any channel were classified as empty, in-
dicating an absence of bacterial proliferation, in contrast to droplets
where growth was observed (see Fig. 2A). For each droplet, the mean
fluorescence intensity per channel was calculated and subsequently
averaged across all biofilm-positive droplets within the same antibi-
otic concentration group. The final data were normalized relative
to the concentration that exhibited the highest intensity for each
channel. Welch’s one-way analysis of variance (ANOVA) showed a sig-
nificant effect of antibiotic concentration on both motility (F(4,6.01) =
1405, p < 0.001) and endospore formation (F(4,4.53) = 212, p <
0.001) [48-50]. These results are presented in SI Appendix G, Tables
G.3-G.4 for motility and Tables G.5-G.6 for endospore formation.
Statistical analysis of relative fluorescence intensity across replicates
of different antibiotic concentrations was performed using one-way
ANOVA. The ANOVA comparing replicates between experiments and
concentrations is available in SI Appendix G, Tables G.7-G.8 and
G.10-G.11. Replicates within the same concentration were statistically

indistinguishable, whereas comparisons between different antibiotic
concentrations revealed significant differences (SI Appendix G, Ta-
bles G.9 and G.12). A minor exception was observed for endospore
fluorescence between 0 and 3 pL/mL, where values were compara-
ble, although motility-associated fluorescence remained significantly
different.

The variability observed among droplets within the same treatment
group primarily reflects biological heterogeneity in the initial bacterial
load per droplet. Unlike single-cell Poisson loading approaches [51],
the experimental design intentionally allowed multiple cells per droplet
to capture early biofilm formation dynamics. Based on calculations
present in the SI Appendix A.2, an average of approximately 14 cells
per droplet is expected at the encapsulation time. Variations in cell
number and viability at encapsulation contribute to differences in sub-
sequent growth and fluorescence intensity, accounting for the observed
dispersion within batches.

Increasing antibiotic concentration led to a decreased number of
proliferated droplets within each batch, as shown in Fig. 2A. Given that
all droplets were initially populated, the absence of growth indicated
that the antibiotic inclusion had eliminated the initially encapsulated
CFU. Initially, the bacteria in suspension were motile and therefore
more susceptible to antibiotics. Consequently, in droplets where pro-
liferation occurred, the fluorescence signal from motile bacteria de-
creased with increasing antibiotic concentration (Fig. 2B). Interestingly,
at sub-inhibitory concentrations well below the Minimum Inhibitory
Concentration (MIC) for Pen/Strep (5 pL/mL), endospore formation
was enhanced compared to antibiotic-free conditions (Fig. 2C). The
fluorescence intensity in these droplets remained comparable to the
antibiotic-free case up to 3 pL/mL, indicating a broad concentration
range in which antibiotic exposure paradoxically stimulates devel-
opment in surviving populations. Beyond this threshold, population
survival was significantly impaired. Notably, fluorescence intensity
differed between the two fluorophores, precluding direct quantitative
comparisons across channels.

The presence of endospore-associated fluorescence reflects the nat-
ural developmental cycle of B. subtilis biofilms rather than antibiotic-
induced stress alone. Sporulation is a well-established response to
nutrient limitation and other environmental stressors and does not
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require antibiotic exposure [52-54]. In the droplet-based system, nutri-
ents are finite and confined within each microenvironment. As bacterial
growth progresses, nutrient depletion and metabolite accumulation
create starvation conditions that promote the transition from active
growth to dispersal and sporulation [55]. Thus, even in the absence
of antibiotics, environmental constraints inherent to the droplet sys-
tem are sufficient to induce sporulation. While antibiotics can further
modulate this stress response [56], their presence is not a prerequisite
for endospore formation. These results reflect a response to perceived
environmental stress, i.e., antibiotic exposure. Sporulation in B. subtilis
shares the same regulatory pathway as biofilm formation through
SpoOA, where sporulation is mainly triggered by high concentrations
reached in a compact community under starvation conditions [57-
60]. Consequently, an increased presence of endospores may indicate
biofilm formation that allowed more cells to reach this state. Stressors,
including antibiotics, are known to trigger bacterial organization and
biofilm formation [61,62]. This phenomenon occurs for both the antibi-
otic used (Pen/Strep; [63-65]) and B. subtilis, sometimes due to a direct
influence on communication machinery [66] or indirectly by affecting
processes such as sliding motility due to colony growth [67]. However,
in this case, this antibiotic combination is known not to directly affect
sporulation but rather growth [68], so the observed differences in
population dynamics can be attributed to environmental stress.

These results underscore the importance of precise antibiotic use,
as inappropriate exposure — particularly at low or trace levels —
may inadvertently enhance bacterial tolerance by stimulating biofilm
formation and/or sporulation. This emphasizes the need to account
for biofilm-related parameters — such as the concentration range that
promotes biofilm development or the threshold for its onset — when
evaluating antibiotic efficacy and associated risks [69,70]. The findings
also demonstrate the utility of the platform for studying bacterial
population dynamics.

3.2. Validation and performance of the VAE-based segmentation

An important goal of this work is to develop an analysis pipeline
that also works for generic, non-genetically modified bacterial strains
using bright-field microscopy. Because bright-field images lack a direct
reporter signal, their quantification requires more advanced compu-
tational approaches. For this reason, we implemented a VAE-based
analysis pipeline to extract meaningful structural information from
bright-field images, as detailed in the Methods. Before applying the
model to large-scale datasets, the VAE-based segmentation was quan-
titatively validated against independent manual annotations as shown
in Fig. 3. The annotated dataset consisted of 91 frames from a single
droplet experiment, and all three annotators worked independently on
the same images to enable direct comparison of their segmentations.
The process required meticulous frame-by-frame inspection and was
both time-consuming and challenging, as bacterial structures often ap-
peared heterogeneous with subtle intensity variations, making precise
delineation difficult.

Annotators A and B, both experienced in microscopy-based bacterial
segmentation, spent approximately 8.5 h and 10.2 h, respectively,
completing the task in Fiji. Annotator C, who had no prior experience
with bacterial imaging but was trained in image analysis, annotated
the same dataset, spending approximately 10.3 h on the task using
Procreate (Mac OS app). This inclusion was intentional to assess how
non-specialist users perform under the same conditions. Due to the
increasing complexity of the images over time, annotation effort varied
substantially across frames: early-stage images with sparse bacterial
presence typically required less than 2 min to analyze, whereas late-
stage images with dense, dispersed bacterial regions often took more
than 8 min each.

Overall, manual annotation demanded several focused sessions and
sustained visual attention, highlighting both the subjectivity and prac-
tical limitations of manual segmentation. These challenges underscore
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the value of unsupervised, automated, and reproducible analysis using
the VAE-based framework presented here.

The model’s predicted segmentations were compared independently
against each manual annotation set as well as a majority-vote consensus
mask derived from them. To quantify performance, standard pixel-
level metrics were computed based on the four outcomes of binary
classification: true positives (TP), false positives (FP), false negatives
(FN), and true negatives (TN). Here, TP denotes correctly identified
bacterial pixels, FP corresponds to background pixels incorrectly la-
beled as bacterial, FN represents bacterial pixels missed by the model,
and TN refers to correctly classified background pixels.

From these quantities, five complementary performance metrics
were derived: Specificity, Recall, Precision, Accuracy, and Dice co-
efficient. Together, they provide a comprehensive assessment of the
model’s performance across both bacterial and background regions.
Specificity measures the ability to correctly classify background regions
as non-bacterial, while Recall (or sensitivity) quantifies the fraction of
bacterial pixels correctly detected.

Precision measures the proportion of predicted bacterial pixels that
are correct. Accuracy summarizes the overall proportion of correctly
classified pixels, and the Dice coefficient quantifies the spatial overlap
between predicted and annotations, reflecting the combined influence
of Recall and Precision. A summary of these metrics, their corre-
sponding formulas, and interpretations is provided in SI Appendix F,
Table F.1, which serves as a reference for the quantitative evaluations
presented below.

Quantitative validation results are summarized in Fig. 3. Fig. 3A
and Fig. 3B show radar plots showing the mean values of key metrics
(Specificity, Recall, Precision, and Accuracy). Fig. 3A displays the pair-
wise comparisons among annotators (A-B, A«C, and B—C). All pairs
demonstrate similar performance across metrics, confirming consistent
manual segmentation despite differences in experience.

The B—~C comparison exhibits the highest mean Precision and Ac-
curacy, indicating that Annotator C — although less experienced —
produced results closely matching those of Annotator B. This likely
reflects the longer time both spent per frame compared to Annotator
A, yielding more refined boundaries but reduced practicality for large
datasets. In contrast, the A«~C comparison shows a modest decrease
in Recall, suggesting slight differences in delineating faint or diffuse
bacterial regions.

Nonetheless, the narrow standard deviations observed across all
pairs highlight stable inter-annotator agreement. This consistency de-
fines the practical upper limit of achievable segmentation accuracy,
as even human experts rarely achieve perfect overlap. Accordingly,
inter-annotator agreement serves as the benchmark against which to
interpret model performance.

Fig. 3B extends the analysis to model comparisons (Model-A,
Model«-B, Model~C, and Model-MV(ABC)). The model’s performance
falls within the range defined by human annotators, demonstrating
segmentation accuracy approaching human-level reliability. Specificity
and Accuracy remain consistent, confirming robust background clas-
sification. Slightly lower Precision-most notably in comparison with
Annotator C-suggests that the model occasionally includes faint or low-
contrast regions typically excluded by human annotators. Conversely,
Recall values are comparable to or slightly higher than those of the
annotators, indicating that the model effectively captures bacterial
regions. The comparison with the majority-vote consensus (Model-~MV
(ABC)) shows balanced results across metrics, underscoring the con-
sistency of automated segmentation relative to the collective human
reference.

This behavior is expected in label-free BF imaging, where early or
low-density biofilm is not marked by a dedicated high-contrast reporter
but appears as subtle intensity/texture variations that overlap with
background heterogeneity. In this regime, acquisition effects such as
illumination non-uniformity, mild defocus, and droplet curvature/shad-
ing near boundaries can generate patterns that visually resemble weak



D.P. Guerrero et al.

A.

Mean = SD
Recall — Aeh
— AeC
— BeC
Specificity Precision

Accuracy

Specificity

Microchemical Journal 225 (2026) 117685

Mean £+ SD
Recall — ModelsA
ModeleB
—— ModeleC
—— ModeleMV(ABC)
Precision

Accuracy

C. Performance Metrics Across Annotator Agreement and Model validation (Mean * SD)

Specificit

Comparison
AoB
AoC
BeC

ModeleA

Model-B

ModeleC

Accurac

Mean metric

D. Dice distribution (per image)

1.0 0.875 £ 0.088 0.859 £ 0.094 0.888 £ 0.075 0.864 £ 0.096 0.849 £ 0.103 0.813 £0.125 0.853 £0.100
0.8 4 i

I °

1l . @

a ‘t
0.6 1 .
0.4 1
0.2 . : ; : ; : :

AeB AeC BeC ModeleA ModeloB ModeloC  Model<MV(ABC)

Fig. 3. Quantitative validation across annotators and the VAE model. A. Radar plot of inter-annotator agreement. B. Radar plots comparing model predictions
with each annotator and with the majority-vote consensus. C. Heat-map table of mean + SD performance metrics across all comparisons, where color intensity
encodes the mean metric value (see color bar) to facilitate visual comparison across annotator pairs and model validations. D. Per-image Dice distributions
showing consistent inter-annotator overlap and comparable model performance relative to human annotations.

biofilm signal, making the distinction intrinsically ambiguous even for
human annotators. From an algorithmic perspective, our segmentation
is derived from a latent-space-driven pseudo-color reconstruction and
converted into a binary mask by thresholding the latent-derived output.
In low-contrast regions, many pixels lie close to the decision boundary
between background and faint bacterial borders; small photometric or
texture variations can shift these borderline pixels across the threshold,
leading to small false-positive regions and a corresponding decrease in
precision. This effect is amplified when true biofilm coverage is low,
since a small number of additional pixels can disproportionately impact

precision-based metrics, consistent with the error patterns observed in
Fig. 4.

Fig. 3C summarizes these outcomes as mean + standard deviation
values for each metric and comparison. For improved interpretability,
this summary is presented as a heat-map styled table in which color
intensity encodes the mean metric value (see color bar; darker shades
indicate higher values). This format enables rapid visual comparison
across annotator < annotator and model < annotator evaluations
while retaining the exact numerical values in each cell. Consistent
with this heat-map overview, the model’s averages align closely with



D.P. Guerrero et al.

those of experienced annotators, and the small deviations observed in
both human and model comparisons indicate stable and reproducible
performance across the dataset. Fig. 3D presents the per-image dis-
tribution of Dice coefficients for all pairwise comparisons. Unlike the
mean + SD summary in Fig. 3C, these distributions reveal frame-to-
frame variability. The Dice coefficient was chosen because it directly
quantifies spatial overlap between two segmentations, providing an
interpretable measure that integrates both Recall and Precision. Inter-
annotator Dice values (A<~B, A~C, and B~C) remain consistently high
(typically above 0.85), confirming strong manual agreement. Model-
annotator comparisons show slightly lower central values but narrow
distributions, indicating reproducible performance. The Dice value be-
tween the model and the majority-vote consensus (Model-~MV(ABC))
lies within the same range as inter-annotator values, demonstrating
that the model captures bacterial structures with human-level accuracy
while achieving full automation.

To complement the quantitative analysis, qualitative overlays are
shown in Fig. 4. Each panel compares the model predictions with
the manual annotations: Model<Annotator A (second row), Model~
Annotator B (third row), and Model~Annotator C (fourth row). For
each case, the raw grayscale image is displayed alongside the seg-
mentation contours. Pixel-wise overlays visualize true positives (TP,
correctly segmented bacterial regions, cyan), false positives (FP, model-
predicted regions absent in the annotation, yellow), and false negatives
(FN, annotated regions missed by the model, violet). Dice scores are
shown below each corresponding example.

A clear trend emerges in Fig. 4: Dice values decrease gradually from
top to bottom. The highest-scoring cases correspond to images with
well-defined bacterial regions exhibiting sharp boundaries and strong
contrast, leading to high agreement between model and annotators.
Mid-range examples contain irregular or heterogeneous features, where
faint edges and dispersed biofilm lead to ambiguity and discrepancies
between annotations and predictions. The lowest-scoring examples are
characterized by sparse, weakly defined bacterial structures, posing
a significant challenge for segmentation. When bacterial coverage is
minimal, small deviations in predicted area yield large relative Dice
differences, since the metric is highly sensitive to pixel mismatches
in small regions. These observations indicate that Dice reductions pri-
marily reflect structural ambiguity and bacterial sparsity rather than
systematic model errors.

Bright-field (BF) imaging is inherently sensitive to acquisition-
dependent variability (e.g., illumination/exposure differences), which
can manifest as changes in global brightness and contrast across ex-
periments or imaging sessions. To evaluate the robustness of the
VAE-based segmentation to such photometric variability, a controlled
analysis was performed on the original BF dataset by applying three
deterministic brightness (B)/contrast (C) transformations that remain
within the practical dynamic range of the raw 8-bit images. The
corresponding pixel-intensity histograms (log-count scale) are shown
in SI Appendix H, Fig. H.9, where the histogram of the raw dataset
provides the baseline intensity distribution and the perturbed cases
illustrate realistic shifts consistent with common acquisition variability.

Specifically, Case 1 (C+10, B+10) induces a moderate right-shift
and redistribution toward higher intensities, consistent with mildly
increased illumination/exposure. Case 2 (C—15, B-5) shifts the dis-
tribution toward lower intensities and compresses contrast, emulating
a slightly under-exposed or lower-contrast acquisition. Case 3 (C+15,
B+15) produces a stronger (but still plausible) increase in brightness
and contrast, representative of higher-exposure or higher-contrast con-
ditions. These parameters were selected to reflect feasible acquisition-
to-acquisition variability, rather than extreme distortions that could
misrepresent the imaging conditions.

We assessed robustness to brightness/contrast variability by apply-
ing three deterministic photometric perturbations to the original BF
images and re-running the trained model without retraining. Model
< Annotator A agreement remained stable at both the example level
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(SI Fig. H.10A) and the dataset level (SI Fig. H.10B; mean + SD
Specificity/Recall/Precision/Accuracy), consistent with the overall val-
idation result that model performance falls within the inter-annotator
range.

Taken together, these validation and robustness results indicate that
the proposed unsupervised segmentation is not only human-comparable
on the annotated benchmark, but also resilient to realistic acquisition
variability encountered in label-free BF microscopy.

In previously reported bacterial and biofilm segmentation stud-
ies [28-33], supervised and semi-supervised deep-learning approaches
typically achieve Dice values in the range of 0.75 to 0.90. In com-
parison, our unsupervised VAE-based method achieves comparable
performance, with Dice coefficients typically exceeding 0.80 and reach-
ing around 0.85 against the majority-vote reference, using only two
real microscopy images for training and without the need for pixel-
level annotations. This demonstrates that accurate human-comparable
bacterial segmentation can be achieved without any pixel-level ground
truth.

3.3. Quantitative analysis of biofilm development and structural evolution
in droplets

With the population-level fluorescence assays and VAE-validated
bright-field segmentation in place, we proceeded to quantify biofilm
development and structural evolution in droplets using bright-field
time-lapse imaging. Due to the constraints of the imaging system,
this required a trade-off between droplet generation throughput and
temporal resolution. The imaging interval was adjusted according to ex-
perimental priorities: higher droplet counts increased statistical power
but necessitated longer acquisition intervals, whereas shorter intervals
provided finer temporal detail on biofilm life-cycle progression. Ac-
cordingly, a throughput-optimized setting was used for substance-effect
screening, while high-resolution imaging was prioritized for detailed
analysis of structural transitions within the biofilm life cycle.

A 17.5 h time-lapse sequence comprising 165 images (Fig. 5A)
was processed using the trained VAE together with the structured
grid approach. This generated latent-space feature representations and
enabled the generation of overlay images (Fig. 5B), in which green
indicates bacterial structures and biofilms, while magenta denotes the
droplet background, providing clear visual separation between bacte-
rial regions and the surrounding medium. From these overlays, the
green masks were used to quantify bacterial coverage within droplets
(Fig. 5C). To enable reproducible quantitative analysis, we adopted
an operational segmentation-first framework, dividing segmented re-
gions by projected pixel area into three classes: aggregates, biofilm-like
clusters, and internal patches.

Motile, free-swimming bacteria initially formed clusters, distributed
throughout the droplet, which we refer to as aggregates. These struc-
tures grew over time, gradually losing motility and transitioning into
biofilms. Instances of the motility of these aggregates can be found in
SI Video 3. Biofilm identification was based not only on size but also on
the persistence of motility and adhesion to the droplet interface [71—
73], which could be assessed directly through BF microscopy. This
interpretation follows the current consensus that biofilm formation is
a biological process rather than a purely morphological transition [74—
77]. In confined microfluidic droplets, where attachment to solid in-
terfaces is limited, such biofilm-like behavior can still arise through
matrix production and collective immobilization of cells, distinguishing
these structures from transient aggregates or clumps [78]. For classifi-
cation, aggregates — outlined in yellow — were defined as bacterial
clusters between 300 and 4999 pixels? (3.32-55.4 pm?), while clusters
with an area equal to or greater than 5000 pixels’> (approximately
55.4 pm?) were classified as biofilm—outlined in blue). These biofilm
structures lay on the bottom of the droplet and often expanded to
cover much of the droplet’s bottom surface, although growth was not
always uniform. Over time, regions with reduced bacterial density
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Fig. 4. Representative pixel-wise overlays comparing model-generated and manually annotated biofilm segmentations. A. Each row shows the BF image with the
model prediction compared against each annotator (A-C). Pixel-wise overlays indicate true positives (TP; correctly segmented bacterial pixels), false positives
(FP; predicted by the model but absent in the annotation), and false negatives (FN; present in the annotation but missed by the model), as defined in the legend.
Corresponding Dice values are reported to link visual differences to quantitative metrics.

— termed patches and outlined in orange — emerged within the
biofilm. Holes in the biofilm can nucleate at local weaknesses within
the biofilm matrix and subsequently expand through either mechanical
disruption or enzymatic degradation of structural components such as
extracellular DNA and matrix proteins [79-81]. These processes have
been directly observed in microfluidic and pellicle biofilms, where ma-
trix heterogeneity and age-dependent cohesion create preferential sites
for detachment [79]. In B. subtilis, temporally heterogeneous matrix
production, protease activity, and calcium-mediated weakening of the
matrix have been implicated in both active and passive dispersal from
the pellicle, leading to cell release and visible hole formation [82-84].
In this study, we defined patches as holes within the biofilm only if
their area exceeded 500 pixels® (5.54 pum?) and localized within a
biofilm, distinguishing low-density areas from cohesive biofilm. Very
small regions below 300 pixels® (less than 3.32 pm?) were considered
negligible and excluded from the analysis. These ranges were chosen
to exclude noise and single cells while capturing multicellular clusters
of increasing size, but we emphasize that these thresholds represent
operational criteria rather than strict biological boundaries.

Our approach followed a logic similar to previous segmentation-
based analyses: in B. subtilis imaging, pixel-level segmentation was
converted into distributions to characterize cellular organization [85],
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while size and spatial partitioning were used to distinguish core and
peripheral regions within macrocolonies [86]. Likewise, tools such as
BiofilmQ apply size- and region-based segmentation as the foundation
for biofilm quantification in 3D [87].

In our case, we adapted this segmentation-first logic to the droplet
microfluidics context, where thresholds provide a practical means to
track the emergence and structural dynamics of bacterial clusters across
thousands of droplets in parallel. We note that our analysis does
not directly assess extracellular matrix production or adhesion to the
droplet interface, and these criteria were therefore not part of our
classification. Instead, the thresholds provide an operational framework
for distinguishing structures of different sizes within the image data.
Accordingly, we interpret the categories of aggregates, biofilm, and
patches as structural classes defined for quantitative image analysis,
rather than as canonical developmental stages of B. subtilis biofilms.

Having established this classification framework, we next used it to
follow the temporal dynamics of bacterial communities within droplets.
After 7.5 h, a dispersal phase became evident [82,88-90], characterized
by cell detachment from cohesive clusters and the gradual breakup of
biofilm-like regions. At later stages, droplets contained a heterogeneous
mixture of biofilm remnants, smaller aggregates, patches, and residual
debris. This complexity made it increasingly difficult to separate intact
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Fig. 5. Spatiotemporal analysis of biofilm formation. A. Bright-field time-lapse images show biofilm growth over 17.5 h. B. Overlay images derived from latent
space distribution; green areas denote bacterial presence. C. Structural segmentation highlighting spatial distribution: biofilm regions outlined in blue, aggregates
in yellow, and patches in orange. D. Relative area of aggregates over time, where the sharp decrease coincides with initial stages of biofilm formation. E.
Temporal changes in relative biofilm area, showing a steep increase and decrease corresponding to formation and dispersal. F. Relative area of patches, capturing
the emergence of openings within the biofilms surface. G. Top: Mean of the positive maximum rate of change for biofilm and patches, summarizing their structural
evolution. Bottom: violin plot of the distribution of maximum growth rate for biofilm and patches across six droplets, illustrating variability in their expansion
and dispersal. Central symbols indicate mean values.
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biofilm from disintegrating fragments, indicating a shift toward a more
dispersed state. To quantify this progression, we measured the area
occupied by each structural category relative to the total bacteria-
containing area at each time point, providing insight into the processes
of biofilm formation, maturation, and dispersal.

Fig. 5D illustrates the presence of aggregates, the predominant
structures observed during the early stages of the experiment. These
aggregates originated from the initial suspension of free-swimming bac-
teria. Over the first 2 h, the relative area occupied by these structures
gradually decreased as they progressively merged into larger clusters.
Due to the predefined aggregate area threshold, these larger structures
were classified as biofilm. As the remaining motile aggregates increased
in size, bacterial motility diminished, causing the aggregates to settle
at the base of the droplet (in the imaging focal plane), leading to a
temporary increase in aggregate detection between 2 and 4 h. This was
followed by their integration into biofilms, resulting in a sustained low
aggregate ratio until the 7.5 h. At this point, a second peak in aggregate
presence occurred, triggered by the rapid escape of bacteria during
biofilm dispersal. After approximately 2 h, the aggregate ratio dropped
again and remained negligible for the rest of the experiment.

Initially, biofilms formed through the merging of aggregates and
exhibited rapid growth, as shown in Fig. 5E. Over time, biofilms
became the dominant structure within the droplet. Although biofilm
growth continued steadily through bacterial division, the relative ratios
remained stable until the onset of dispersal. An exception to this
stability occurred with the sudden appearance of patches caused by
the extension of elongated structures that reattached to the biofilm at
another point, forming loops. These loops temporarily increased the
patch area but were eventually filled in as bacterial division progressed.
Once dispersal began, the biofilm ratio declined significantly while
the presence of aggregates and patches increased. Following dispersal,
some biofilm clusters persisted as stable, coherent structures. A few
of these appeared to grow further [90,91], as reflected by the rise in
biofilm ratio during the final 2 h. These appeared as darker regions at
the bottom of the droplet that maintained their shape while growing
into bigger structures. This phenomenon could be hypothesized to be
another biofilm formation cycle after dispersal, where endospores are
produced due to nutritional depletion and the recycling of biofilm
remnants. Such secondary biofilm cycle after dispersal has been de-
scribed in other bacteria like Pseudomonas aeruginosa [92]. In B. subtilis,
both starvation-induced cannibalistic behaviors that redistribute nutri-
ents [93-95] and a connection between biofilm dispersal and spore
release have been reported [90]. The combination of these processes
could explain the observed repeated biofilm formation after the release
of cells and spores indicated by the presence of patches. This correlates
with the established relationship between biofilm formation-dispersal
and nutrient availability [96-100] and their role in sporulation [82,89].
However, determining whether these secondary structures represent
true biofilms or merely accumulating debris would require additional
analyses to clarify their chemical and cellular composition.

Patch evolution is shown in Fig. 5F. Patches emerged at times during
early aggregation as a consequence of cell orientation. During growth,
B. subtilis cells often remain attached after division, forming chains that
can loop and occasionally reconnect—a common behavior known from
biofilm and pellicles [71,85,101-104]. In our droplets, similar chains
appeared, most prominently at 3 h 20 min (Fig. 6A), where loop closure
transiently increased patch area and produced the first local maximum.
Variability in loop formation and chain length contributed to the
elevated standard deviation. As loops filled in, the patch ratio declined
until dispersal triggered a sharp, sustained rise, reflecting structural
breakdown across droplets. Although consistent with known chaining
behavior, confinement may modulate its frequency or geometry.

SI Video 4 presents the z-stack data across time, confirming that
the biofilm remained in the same focal plane throughout the entire
observation period, thereby validating the stability of the analyzed
structures. In several droplets, as shown in Video 3, multiple small
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aggregates — each composed of more than one cell — were initially
observed. In all recorded cases, these aggregates gradually merged
into larger, coherent structures. This merging likely arose either from
the attainment of a critical size that restricts motility or from the
differentiation of a substantial fraction of the population into a sessile
state.

Conversely, dispersal events were characterized by an increase in
the number of freely swimming cells, as shown at the end of SI Video
4. During this phase, cells were no longer permanently attached to
the droplet interface but moved independently throughout the droplet
volume. These transitions — from motile aggregates to sessile biofilms
and subsequently to dispersed states — represent clear, biologically
driven processes observable across the three defined developmental
stages.

The dynamics of aggregates, biofilm, and patches collectively of-
fered a comprehensive view of biofilm lifecycle events in nutrient-
limited spaces. Two key transitions were identified: the biofilm for-
mation trigger, defined as the point of maximum growth rate of the
biofilm (i.e., the peak of the derivative of the biofilm area curve),
and the dispersal trigger, defined as the point of maximum growth
rate of patch formation. To capture the variability across droplets,
we analyzed the timing and distribution of these transitions in all
samples. Fig. 5G displays six recorded droplets, showing the temporal
evolution of biofilm structures. Squares and diamonds indicate the time
points of peak positive growth for biofilm and patches, respectively, as
determined by the derivatives of their relative area ratio curves. Violin
plots reveal the distribution of these events, highlighting variability and
trends in biofilm and patch formation across the different droplets.

These findings, supported by the unsupervised model that generates
feature-based overlays, offer a data-driven perspective on bacterial
dynamics within droplets. The minimal training required demonstrates
the robustness of the VAE in generalizing structural representations
from only two distinctly different microscopy images. The model seg-
mented bacterial regions from the droplet background, which were
then operationally classified into aggregates, biofilm-like clusters, or
patches based on size thresholds. This two-step workflow revealed a
dynamic cycle of growth and dispersal, evidenced by sequential peaks
in their area ratios. This approach not only aligns with visual observa-
tions but also underscores the potential of unsupervised approaches for
reliable, high-throughput analysis of complex biological structures, as
further demonstrated in the following section.

3.4. Quantitative analysis of biofilm modifiers

After establishing a baseline for analyzing biofilm dynamics from
bright-field time-lapse microscopy images, we applied the workflow
to a relevant case study: assessing the impact of biofilm-modifying
substances. For this experiment, three types of droplets were generated
within the same microfluidic chip: (i) sterile Lysogeny Broth medium
serving as a contamination control, (ii) inoculated Lysogeny Broth
medium as a negative control, and (iii) inoculated Lysogeny Broth
medium supplemented with 1% (v/v) glycerol as the biofilm-promoting
agent for B. subtilis, making it an ideal candidate to validate the analysis
pipeline. Images of the bacterial populations within droplets were
acquired and analyzed based on the presence or absence of glycerol. In
this case, the focus was on throughput rather than temporal resolution.
Accordingly, batches of over 50 droplets per condition were imaged
at 40 min intervals over an 8 h observation period, covering the
full biofilm development cycle until dispersal begins. After dispersal,
potential biofilm segmentation became increasingly challenging for the
current model due to the presence of swimming bacteria and debris, so
we focused exclusively on the formation process. The resulting images
were processed using the previously described unsupervised model.

Sterile Lysogeny Broth droplets showed no signs of bacterial pro-
liferation, confirming the absence of contamination and validating
the platform’s reliability. Qualitative analysis revealed that droplets
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Fig. 6. Influence of glycerol on biofilm formation A. Representative images of biofilm formation at 40 min, 3 h, 20 min, 6 h, and 8 h, under conditions with
(+) and without (-) glycerol. B. Relative aggregate area, showing the evolution of aggregates with and without glycerol. C. Relative biofilm area over time,
illustrating differences in biofilm growth dynamics between the two conditions. D. Relative patch area, indicating the formation of patches within the biofilm
structure under both conditions. E. Violin plot of maximum biofilm growth rate across multiple droplets, illustrating the distribution of growth dynamics under
both conditions. This quantitative analysis provides insights into biofilm formation’s temporal evolution and glycerol’s influence on its structural development.
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containing glycerol exhibited faster biofilm formation and showed early
signs of dispersal as soon as 6 h into the experiment Fig. 6A. In B.
subtilis, glycerol is a common component of biofilm-inducing media
such as MSgg, where it serves as a carbon source that, in combination
with other nutrients and ions (e.g., manganese), promotes matrix pro-
duction and biofilm formation [101,105]. Previous studies have shown
that glycerol, particularly when combined with manganese, enhances
matrix production and biofilm formation in B. subtilis [105]. Here, we
tested glycerol alone, which proved sufficient to induce measurable
biofilm responses under our droplet conditions. Quantitatively, the
most notable distinction emerged in the statistical distribution of the
data. Droplets containing glycerol exhibited a narrower distribution
and lower variability, suggesting that glycerol may act more as a
signaling molecule than as supplementary nutrition. Specifically, aggre-
gate formation occurred over a shorter time window in the presence
of glycerol, and a local maximum in the ratio appeared at 6 h—
likely marking the onset of dispersal (Fig. 6B). In contrast, droplets
without glycerol only showed a mild increase in aggregate ratio after
7 h. The biofilm ratio (Fig. 6C) followed a similar trend. In droplets
with glycerol, biofilms formed more rapidly and reached a stable level
within 3 h. In the absence of glycerol, a plateau was only reached after
4 h, consistent with the control data from the previous result section.
Patches formation (Fig. 6D) followed a comparable progression in both
conditions up to 6 h. While glycerol appeared to slightly accelerate
early development, it did not significantly affect the formation of the
looped structures that define patches at this stage. However, after 6 h,
droplets with glycerol showed a sharp increase in the patch ratio —
signaling active dispersal — while droplets without glycerol exhibited
this pattern only at the final time point. As a summary metric, the
maximum rate of biofilm formation (i.e., the point of fastest biofilm
growth) was calculated for both conditions and shown in Fig. 6E. This
metric reflects the overall trends in the time series: glycerol induced
earlier and more synchronized biofilm formation, while in its absence,
the process was slower and more variable.

An absolute representation of biofilm area over time further sup-
ported these findings, showing that droplets with glycerol consistently
reached larger biofilm-covered areas. Interestingly, although the ab-
solute standard deviation of biofilm sizes was similar between both
conditions, their relative variability (as seen in the ratio-based analysis)
differed. This highlights the importance of normalized, comparative
metrics in identifying patterns within inherently variable biological
systems. Moreover, it reinforces the idea that glycerol influences not
only biofilm mass but also bacterial organization. Overall, these re-
sults validate the platform’s effectiveness in quantifying the influence
of biofilm modifiers and demonstrate the potential to uncover new
insights into the mechanisms driving biofilm regulation.

4. Conclusions

We have developed a robust, versatile platform for both qualita-
tive and quantitative studies of bacterial structures within microflu-
idic droplets. The platform has been successfully applied to multi-
ple use cases, including antibiotic-sensitivity screening, exploration
of biofilm life-cycle dynamics, and evaluation of a biofilm-promoting
substance. Its flexibility has been demonstrated across different imaging
modalities, analytical workflows, and degrees of automation.

A core strength of the platform lies in its integration of an unsu-
pervised model for automated segmentation and quantification. Using
a VAE, high-dimensional image data is encoded into a one-dimensional
latent space that preserves essential structural information. The model’s
performance was validated against multiple human annotators, achiev-
ing Dice coefficients comparable to inter-annotator agreement, thereby
confirming that automated segmentations reach human-level accuracy.
This validation ensures that subsequent quantitative analyzes — such
as identifying morphological changes or classifying structural states —
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are grounded in reliable segmentation performance. Together, these re-
sults establish a powerful framework for longitudinal studies, enabling
consistent and precise monitoring of biofilm formation and structural
transitions over time.

The VAE-based segmentation provides automated identification of
bacterial regions across the dataset, generating consistent masks that
capture the structural organization within droplets. These segmenta-
tion outputs are subsequently processed through a size-based thresh-
olding framework to distinguish smaller aggregates, larger biofilm-
like clusters, and internal low-density patches. Analyzing the relative
area of these categories over time reveals sequential transitions corre-
sponding to growth, maturation, and dispersal phases. This quantita-
tive approach offers a reproducible means to study structural evolu-
tion within confined microenvironments, providing new insights into
how bacterial communities reorganize and disperse over time. A re-
maining limitation is reduced precision in the faintest/lowest-contrast
regime of BF images, where intrinsic ambiguity and thresholding of
the latent-derived reconstruction can introduce small false-positive re-
gions; addressing this regime is a natural direction for future improve-
ments (e.g., uncertainty-aware outputs or adaptive decision thresholds).
Overall, incorporating VAEs into the analysis pipeline significantly
enhances our ability to study bacterial structures in detail while greatly
reducing the time and labor typically associated with manual anno-
tation or (semi-)supervised model development. Combined with the
versatile droplet-based microfluidic system and adaptable imaging and
analysis options, this platform offers a comprehensive, scalable solution
for future investigations into biofilm formation, growth, dispersal, and
regrowth.
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