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The progressive increase in microbial resistance to antibiotics is a global health threat that requires solutions for
rapid and reliable determination of antibiotic susceptibility in order to select appropriate antibiotics and dosages
prior to treatment. We have established a screening platform that enables the detection of cell growth after just a
few cell divisions. Our methodological approach for a robust phenotypic antibiotic susceptibility testing is based
on the innovative combination of three cutting-edge technologies: (i) a high-throughput microfluidic platform
where individual bacterial cells are encapsulated in picoliter-sized droplets, (ii) a 2D angle-resolved light scat-
tering sensor to perform label-free hourly screening of the droplets, and (iii) a computational image analysis
approach based on convolutional neural networks to evaluate the dynamics of microbial growth in droplets. For
the gram-positive Staphylococcus aureus and gram-negative Escherichia coli we demonstrate that microbial
growth in droplets can be successfully detected within one to two hours. Furthermore, the potential of this
platform for rapid phenotypic antibiotic susceptibility testing is demonstrated as a proof-of-concept with the
clinically relevant bacterium S. aureus under various concentrations of the antibiotic tetracycline. Notably, we
reach a robust phenotypic decision regarding the sensitivity to this antibiotic within two hours.

1. Introduction resistances is necessary to minimize the use of ineffective or broad-

spectrum antibiotics. Many different antibiotic susceptibility tests

Antibiotic resistance has emerged as a pressing global health threat,
undermining the effectiveness of antimicrobial treatments, and signifi-
cantly impacting patient’s mortality. A recent report stated that in 2019
alone, 1.27 million people lost their lives due to multidrug resistant
bacteria [1]. This spread has not only been accelerated by the overuse
and misuse of antibiotics, but also by the untargeted application of
broad-spectrum antibiotics in the absence of specific sensitivity profiles
of the pathogen in both human and animal healthcare [2,3].

To combat the escalating crisis, timely detection of antibiotic

(AST) have been developed to address this problem [4-6]. Techniques
such as multiplex polymerase chain reaction for identifying resistance
gene markers and mass spectrometry for detecting metabolites from
resistance genes [7,8] provide results within two hours. However, only
known resistance patterns can be detected in this way [9,10]. Pheno-
typic methods, in contrast, rely on the actual response of microorgan-
isms to specific antibiotics. Growth-independent phenotypic methods
can analyze cell behavior when exposed to antibiotics to determine
sensitivity [11-13]. These methods provide results within 30 minutes to
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two hours, and they do not rely on prior knowledge of resistance pat-
terns. However, to date, growth-dependent cultivation methods, which
assess actual microbial growth or inhibition in the presence of various
antibiotics, are still the gold standard in clinical laboratories. Such
techniques include disk diffusion [14], broth microdilution [15], and
automated AST systems, such as VITEK® 2 (bioMérieux) [16,17]. The
downside of these methods is the relatively long incubation time ranging
from 8 to 20 hours [16-18] and, hence, a delay in the selection of
appropriate antibiotics. These tests, therefore, cannot provide results in
time for initial treatment decisions. Consequently, growth-dependent
AST methods utilizing microfluidics have been proposed in recent
years to improve measurement speed and multiplexing [19-25].

Apart from parallelization and multiplexing, droplet microfluidics
offers several advantages over standard procedures in the context of
rapid phenotypic detection, such as reduced reagent volumes and
enhanced automation [26]. It enables high-throughput by parallel
testing of multiple types and concentrations of antibiotics on microbial
or patient samples. Several thousand monodisperse droplets can be
generated every second, allowing the efficient generation of large
amounts of miniaturized bioreactors [27]. Additionally, each droplet
can encapsulate a single cell, resulting in droplet readouts derived from
monoclonal populations [28]. This enables a much more defined insight
into population behaviors, e.g. regarding heteroresistance towards an-
tibiotics, than with bulk cultivation methods [29].

In most cases, growth detection in microfluidic platforms involves
microscopy-based methods, which can provide high resolution images,
however, they are restricted to observing a single focal plane at a time
and therefore are either limited by throughput [30-32] or sensitivity
[33]. An alternative approach relies on the detection of light scattering:
The interaction of electromagnetic radiation with material gives rise to
electromagnetic scattering which contains information about the illu-
minated object. Investigating cells via their light scattering is inherently
label-free and is compatible with various bacterial species, ensuring a
high-throughput capability. The intensity of the scattered light is
directly correlated with the quantity of the cells. Several reports used
light scattering at a single angle to detect cell growth in droplets when
exposed to antibiotics. Without the presence of an antibiotic, growth
could already be detected after five hours of incubation [34]. However,
conclusions about antibiotic susceptibility were made after a relatively
long incubation time of 16 to 24 hours [34-36]. More information can
be deduced from the angle-resolved scattered light, because the light
intensity distribution at different scattering angles relates to the struc-
tural and optical characteristics of the illuminated object. This approach
is well established in the field of optical technologies for analyzing even
subnanometer roughness and submicrometer defects on smooth surfaces
(e. g. mirrors) [37-41]. Yu et al. have used this approach for a micro-
biological application and analyzed angle-resolved light scattering dis-
tributions to detect A-bacteriophage infection of E. coli [42]. Recently,
Munser et al. showed a 2D angle-resolved scattering (ARS) measurement
and analysis approach to differentiate between various low bacteria cell
concentrations and cell types in small static liquid volumes [43]. Besides
the high sensitivity towards the smallest features, the strength of the
approach lies in the robustness towards small deviations of object lo-
cations, e.g. by cell movement within the illumination spot. This com-
bination makes it an ideal analysis tool for the detection of low cell
concentrations in microfluidic droplets in flow, i.e. for rapid single-cell
based phenotypic AST.

The data resulting from 2D ARS imaging are highly complex. Light
scattering images show an intensity distribution dependent on the polar
and azimuthal angular directions related to the sample structures, rather
than an image of the object itself. Several models exist to describe the
relations and theoretical light scattering behavior of idealized features,
such as the Mie scattering theory for homogenous spheres, or the
Rayleigh-Gans-approximation for small particles [44,45]. Modeling of
real structures, however, becomes increasingly complex, especially with
regard to the additional structural complexity added by the surrounding
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droplets. Therefore, the approach pursued here is to evaluate the data
directly with regard to characteristic features of the sample (i.e., cell
concentration). This requires specialized new approaches to derive
quantitative information. Deep learning methods have risen as a popular
approach for analyzing high throughput image data [46,47]. The most
common model for deep learning based analysis of images are variations
of convolutional neural networks (CNNs) [48]. In microscopy, CNNs
have been applied on various scales, from tissue histology segments [49]
and live cell imaging [50] to electron microscopy [51], where they can
be used to segment specific structures or classify the image as a whole.
CNNs have also been used to analyze different scattering modalities,
including depth-resolved angular light scattering [52] and small-angle
scattering [53]. Traditional analysis methods, including some machine
learning models like Random Forest, for images and spectroscopic data
require preselected, hand-crafted features while CNNs extract and
weight features based on data during training [54]. Our workflow
combined unsupervised and supervised CNNs followed by statistical
analysis, which provided many more possibilities to detect differences in
the 2D ARS pattern besides frequency. We have tailored our experi-
mental and analytical workflow for E. coli and S. aureus, demonstrating
our platform’s versatility by handling different bacterial species. The
rapid detection capability is a significant improvement over traditional
methods, reducing the waiting time for results to under two hours, of-
fering a new strategy for faster clinical decision-making.

2. Materials and Methods
2.1. Microorganisms and culture conditions

S. aureus ST033804 and E. coli ST036325 both from the Jena Mi-
crobial Resource Collection were used in this study. Pre-cultures were
cultivated overnight at 37°C and 200 rpm. The main culture with an
optical density at 600 nm (OD) of 0.1 (BioPhotometer, Eppendorf) was
prepared 2-3 hours before droplet generation and incubated further. An
OD of 0.003 was used for growth experiments to achieve single-cell
encapsulation. Lysogeny broth medium was used for cultivation of
both organisms. Tetracycline (Sigma, TET) in 70 % ethanol was added
right before droplet generation for selected experiments to result in final
TET concentrations of 0.03, 0.1, or 0.5 pg mL .

2.2. Microfluidic chip fabrication

Microfluidic chips were designed in-house using AutoCAD 2021
(Autodesk Corp) and polydimethylsiloxane (PDMS) soft lithography was
used to form chips from the wafers as described by Tovar et al. [55].

2.3. Droplet generation and incubation

Droplets were generated by using an OB-1 pressure pump (Elveflow)
and polytetrafluoroethylene (PTFE) tubing (d,/d; = 1/16"/0.5 mm). A
flow-focusing structure with a nozzle size of 50 um (Figure S1) as well as
Novec HFE7500 oil with 0.4 % (v/v) FluoSurf (Emulseo) was used. The
collected droplets (~150 pL) were either directly transferred to the ARS
imaging platform or incubated at 37 °C for 1-5 hours.

2.4. ARS and microscopic imaging

The ARS sensor setup is based on the sensor described by Munser
et al. with some changes and additions (Figure Sla) [43,56]. Droplets
were reinjected into a microfluidic chip which was placed in the laser
path of the ARS sensor (Figure S1b). The flow speed was adapted, so that
~20-60 droplets per second passed through the imaging region. A
triggering setup as described by Zang et al. was used [57].

For acquiring brightfield images of flowing droplets, a fluorescence-
based detection and triggering system was utilized with a previously
published setup (Section Supplementary Information SI1) [35]. For
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static imaging an inverted microscope (Axio Observer Z1, Zeiss) with a
magnification of 40x was used.

2.5. Microcultivation experiments

A two-fold dilutions series starting with an active concentration of
0.5 pg mL~! of TET was prepared and mixed with S. aureus cells to
receive a concentration of OD 0.1. 200 uL of each dilution step (n = 3)
was pipetted into a 96-well plate (Greiner Bio-One) and sealed with foil.
The change in biomass was analyzed with a BioLector® I micro-
cultivation system (m2p-labs) through scattered light measurements at
37 °C and 600 rpm shaking. A gain of 40 and humidity control were
used. The amplitude at five hours was used to determine growth. The
growth condition without TET was set to 100 % growth.

2.6. Deep learning models and statistical analysis

An unsupervised deep learning approach was adopted for the
assessment of ideal exposure time for ARS imaging (800, 1500 and 2000
us) (Section SI2.1 and Figure S2). A supervised deep learning CNN
model, EfficientNetV2-M [58], was trained to identify falsely triggered
images and remove them (Section SI12.2).

For the OD estimation, two separate CNN based regression models
were trained for the two organisms. For the regression models, a pre-
trained EfficientNetV2-XL [58] architecture, pre-trained on the Image-
Net21K dataset, was utilized as the foundation. Labelled ARS images
from the dilution series were used for training (S. aureus: 75,537 and
E. coli: 50,772 images). Falsely triggered images from the growth ex-
periments were removed and the remaining images were analyzed with
the regression models trained on the dilution series (Section SI2.3). The
analysis of the TET susceptibility experiments was conducted in the
same manner as the other growth experiments.

To determine significant change of growth based on the predicted

a) i) i)
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ODs, a statistical model was developed that analyzes the percentage of
droplets with growth and the amount of growth (Section SI3).

3. Results and Discussion
3.1. Overview of the high throughput phenotypic AST platform

We have developed an analytical platform that can already detect a
few bacterial cell divisions in flowing picoliter-sized droplets, which
enables rapid phenotypic AST. In our established workflow, single-cells
were encapsulated in picoliter-sized droplets, incubated at optimal
growth conditions for defined times and reinjected into a microfluidic
chip for analysis. The droplets flowed through a laser beam, which
caused the laser light to scatter. The recording of a 2D angle-resolved
scattering (ARS) image with a dimension of 3200 x 2200 pixels was
triggered [57] whenever the droplet was in the center of the beam
(Fig. la i-ii, S2). The light scattering pattern and intensity is dependent
on the cell concentration and morphology. The captured ARS images
were analyzed with a pre-trained CNN, based on the EfficientNetV2-XL
[58] architecture, which predicted the OD of a droplet (Fig. 1aiii). If the
cells were encapsulated together with an antibiotic, the susceptibility
towards that antibiotic was determined relative to control growth.

The encapsulated cells were screened with the ARS sensor while
flowing through a microfluidic channel. Therefore, the impact of the
movement and encapsulation on the scattering pattern at different cell
concentrations must be considered. Exemplary scattering images of
normalized angle-dependent intensities are shown in Fig. 1b. The beam
transmitted directly through the sample was blocked by a beam stop,
resulting in the circular shaded region in the center of the images. Empty
droplets mainly scattered light into low angles (close to the center of the
image), while the presence of cells also caused light scattering at higher
angles. Droplets with very low cell concentrations caused a clear ring
pattern, while higher concentrations resulted in speckled rings. The

i)

' z Growth/
j _ /Y Resistant
— >
| — \
A /_% a No Growth/
Susceptible
cMos |
Droplet with Droplet with Droplet with
b) Background Empty droplet very low cell medium cell high ceII‘
concentration concentration concentration

Fig. 1. : a) Schematic of the workflow. i) Laser-based sensor for angle-resolved scattered light (ARS) imaging of picoliter-sized droplets in a microfluidic chip. ii) ARS
imaging of droplets flowing through a microfluidic channel. iii) The ARS images are analyzed with a convolutional neural network (CNN). A predicted OD is given as
output and therefore it can be determined whether the cells inside of the droplets grew or not. When an antibiotic is present, the sensitivity of the strain towards that
antibiotic can be determined. b) Exemplary ARS images are shown. The light that is directly transmitted is blocked (dark blue spot in the image center). The droplet
itself causes a high light intensity around the center of the image (at small angles). For the sake of simplicity, the angular grid is not shown. Droplets with low cell
concentrations caused clear rings. Higher cell concentrations caused speckled rings. The more cells the higher the caused speckle density.
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higher the cell concentration, the higher the speckle density. The droplet
movement caused a small information loss due to motion blurriness at
small angles, which increased with higher exposure times. An exposure
time of 800 ps resulted in a clear visual separation between different cell
concentrations and additionally enabled fast image acquisition and
caused low motion blurriness (Section SI2.1, Figure S2). Longer expo-
sure times further increased the separation of clusters, but at the cost of
less information at low scatter angles (Figure S2). Therefore, 800 ps was
deemed to be a sufficient exposure time.

3.2. Detection of defined cell concentrations

In order to derive a cell concentration from an ARS image, droplet
populations with different defined mean ODs at 600 nm (0, 0.01, 0.1,
0.5, 1) of S. aureus and E. coli were generated (example bright field
images in Figure S3) and screened with the ARS imaging platform as
training data sets. We determined by manual cell counting that the
abovementioned ODs translate to on average 0, 1, 10, 60 and 120 cells
per droplet, respectively (Figure S4). ARS images were acquired with
25 Hz, resulting in 1500 imaged droplets per minute. For image analysis,
an EfficientNetV2-M™3] deep learning model was first trained on 10,933
manually-preassigned ARS images to automatically remove images in
which the droplets were not in the center of the laser beam (Figure S5).
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Between 0 % and 4 % of the images per experiment were affected across
different droplet flow rates (Figure S6). The two organisms have
different cell morphologies (cocci shaped S. aureus and rod-shaped
E. coli) that directly impact the ARS patterns (Section SI2.4,
Figure S7). Hence, two separate supervised CNN based regression
models were trained for each organism for predicting ODs (training
images - S. aureus: 42,300, E. coli: 32,493) (Fig. 2a). The regression
models were trained to provide precise continuous OD values, offering a
more nuanced understanding compared to categorical classifications.
Although the actual number of cells per droplet varied due to the sto-
chastic nature of the encapsulation of the dilution in droplet, each
droplet used for training was given the mean OD of the solution as a
label. The training of the regression model will therefore be limited by
the fact that many of the droplets labelled OD 0.01 are actually empty.
The box plot representation of results for S. aureus (Fig. 2b i) reveals that
the model predictions closely aligned with the actual OD values. The
spread of the predicted ODs is caused by the random number of cells that
are encapsulated in each droplet from a given cell concentration. The
variance in predicted OD was therefore a combination of actual variance
of cell concentrations in the test set and the approximate labelling of
every ARS image used for training. In the case of E. coli (Fig. 2b ii), the
regression model exhibits a similar level of precision in OD predictions,
with the interquartile range of the box plots indicating consistent

S. aureus

i
| .
!

—

0.0 0.01 0.1 0.5 1.0
Mean OD
E. coli
]
]
i L
H
H
i
!
0.0 0.01 0.1 0.5 1.0
Mean OD

Fig. 2. : a) Overview of the analysis steps of ARS images. b) Predicted OD distributions versus mean ODs of five different droplet populations with i) S. aureus and ii)

E. coli cells.
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performance across the different OD values. Thus, based on the pre-
dicted distributions of S. aureus and E. coli, the ODs and thus the cell
concentrations of bacteria in droplets can be inferred from ARS images,
regardless of cell morphology. These predictions of the deep learning
models were very fast, with an analysis speed of 19.2 frames per second
(fps) with a single graphics processing unit (40 GB NVIDIA A100 GPU).
This enables a swift analysis of very large datasets that are common in
high-throughput experimentations.

3.3. S. aureus and E. coli growth detected within two hours

As a next step, the detection time window for bacterial growth in
droplets was determined. For this, single cells of either S. aureus (Fig. 3a-
¢, S8a) or E. coli (Fig. 4a-c, S8b) were encapsulated in droplets and
incubated at 37 °C for five hours. The majority of droplets remain empty
when targeting single cell inoculation. ARS images of a few thousand
droplets were captured hourly and then analyzed with the previously
trained regression model for the respective organism (Figs. 3a, 4a). The
number of droplets with predicted low OD values (0-0.15) were pre-
dominant (Figure S9), which was attributed to the majority of droplets
being empty (estimated 90 — 95 %). This time, the mode of the OD
histogram is not located at zero, as we saw in the dilution series histo-
gram at OD O (Figure S10). The reason is most likely small differences
between individual experiments, which makes the discrimination be-
tween empty droplets and droplets containing only a few cells uncertain.
Therefore, we took a cautious approach in this study and focused on
growth above a detection threshold, which was decided to be the 99.9
percentile at time t = 0 and only show growth distributions with OD >
0.15 in the figures.

Figs. 3b and 4b show the Kernel Density Estimation (KDE) [59] of the
predicted OD distributions above the threshold for the two evaluated
bacteria. The KDEs were normalized so that the area under each curve is
equal to the proportion of droplets that exhibit growth, m . (Section
SI3, Equation S1). For S. aureus, some growth was already visible at one
hour, which becomes more evident from two hours onwards. The
number of droplets exhibiting growth and the associated OD values
showed a progressive increase with time. At four hours, OD values
reached up to OD ~ 1, which was the upper limit of the regression
model’s training range. Consequently, at five hours, the OD peak-values
plateaued slightly above OD = 1.1 (Fig. 3b, S11).

However, as can be seen from the individual graph lines of the rep-
licates, the biological variability should be accounted for in the robust
detection of growth differences. To be able to incorporate both the
proportion of droplets that exhibits growth at all, as well as the amount
of growth in those droplets we developed a statistical model (Section
SI3, Equation S1). By fitting this model to individual experiments, we
can determine if an experimental condition exhibits significantly more
or less growth compared to another condition, while we consider the
biological growth variability between replicates of the same growth
conditions. To determine the range of variability of identical growth
conditions, we compared all three independent experimental replicates
of S. aureus growth over five hours. We then saw that the range of

p(Gi(t) > G;(t)) was
0.22 > p(Gi(t) > G;(t)) < 0.78 @

for all permutations of i,j € 1,2, 3] for any time t € [0,1,2, 3,4, 5]. This
is visualized in Figure S12, and this range gives us a natural limit to what
we can expect from inter-experimental variation. We found that p(G (t
=1) > G3(t = 1)) = 0.22 was the most extreme value and, due to the
interchangeability of the notations G;(t) and G;(t), the upper limit we
could expect was p(G3@: 1) > Glﬁz 1)) =1- 0.22 = 0.78. Any
comparison of a condition against another or comparing the different
timepoints from a single experimental condition where the difference in
growth is outside the range of Eq. 1 will be considered significant. With
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this model, the timepoint of a significant change of growth against t =
0 can be determined. Hence, for S. aureus, experiment 3 showed sig-
nificant growth already after one hour of incubation
(p(Gs(t=1) > G3(t = 0) ) =~ 0.87), while a significant growth level was
reached after two hours @E(Gi(t=2)> Gi(t=0))~ 094 and
P(G2(t=2) > G2(t=0)) ~ 0.95) for the other two experiments
(Fig. 3c¢). A similar trend was observed for E. coli with growth becoming
more pronounced and the range of OD values broadening as the incu-
bation time increased (Fig. 4b, S13). All three replicates with E. coli,
showed significant growth levels already after one hour of incubation
with p(Gi(t=1) > Gi(t =0)) ~ 0.95Vi € 1,2, 3] (Fig. 4c). This means,
that a single measurement after one hour for E. coli and after two hours
for S. aureus is sufficient to detect growth inside droplets.

3.4. Sensitivity comparison of ARS imaging platform against in-flow
brightfield imaging

To demonstrate the advantage of ARS imaging over classical mi-
croscopy, we imaged the droplets from experiment 3 of Fig. 3b in par-
allel in flow using brightfield imaging (Section SI1, Figure S14). The
results of the growth analysis from ARS and brightfield imaging were
plotted separately (Fig. 5a, b). A continuous increase in growth can be
seen with both imaging techniques, however, the increase is detected
much faster with ARS imaging. This trend was also confirmed by the
developed stochastic model: we detected growth already after one hour
for experiment 3 using ARS, while with brightfield imaging of the same
droplet population, significant growth was detected after three hours
(p(Gpr(t = 3) > Gpr(t = 0) ) =~ 0.96, Fig. 5¢). Hence, the ARS imaging
platform can detect growth two hours earlier than brightfield imaging of
flowing droplets. This advantage is founded on two main reasons:
Firstly, for the brightfield image, a relatively low magnification of 10x
was used to capture the entire droplet in the field of imaging. Conse-
quently, this lead to a comparably low resolution (Fig. 5d). Secondly,
ARS imaging is not limited to one focal plane in contrast to brightfield
imaging of moving droplets. Therefore, the entire droplet in the axial
direction can be scanned for cell growth within microseconds.

3.5. ARS imaging is applicable for rapid phenotypic antibiotic sensitivity
testing

To showcase the potential of the ARS platform for rapid phenotypic
AST, proof-of-principle experiments to determine the effect of tetracy-
cline (TET) on microbial growth were conducted. The organism S. aureus
was used because it has significant clinical relevance as a leading cause
of a wide range of infections, including skin and soft tissue infection,
pneumonia, bloodstream infections, and surgical site infections [60,61].
Moreover, it is often exhibiting resistance to multiple antibiotics at once
[62], making it difficult to pick an effective antibiotic without AST. TET
is utilized in the treatment of a wide range of infections, including res-
piratory infections such as pneumonia, as well as infections of the skin,
eyes, intestines, genitals, and urinary tract. It is also effective against
infections transmitted by animals, such as tularemia, and is prescribed
for certain types of food poisoning and anthrax in patients who are
unable to receive penicillin [63]. Given the occurring antibiotic re-
sistances, rapid AST is necessary for some of these infections [64,65].
Notably, there has been a rise in the identification of
methicillin-resistant S. aureus strains that also exhibit resistance to tet-
racyclines [66,67].

Three concentrations of TET (0.03, 0.1, 0.5 g mL™") were co-
encapsulated with single S. aureus cells and imaged hourly. The per-
centage of detected non-empty droplets (Fig. 6a, S15) and their pre-
dicted ODs were calculated (Fig. 6b, S16). The higher the TET
concentration, the fewer droplets with growth could be detected, and
the ones with growth had in general a lower predicted OD than the
control. While the predicted ODs at the lowest TET concentration were
quite similar to the control, at 0.1 ug mL™! TET growth was strongly
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Fig. 3. : a) Exemplary images of growth experiment of S. aureus over five hours. Starting OD = 0.003. Droplets were incubated at 37 °C. b) Predicted ODs > 0.15 for
every timepoint. ¢) Probability that S. aureus growth at timepoint t is larger than at t = 0. Significance limits are given by Eq. 1 and calculations were performed with
Equations S1 and S2. To clearly show the data points, x-jitter was added in the plot. (p(G(t) > G(0)|ARS1) x-jitter = 0, (p(G(t) > G(0)|ARS2) x-jitter = 0.03, (p(G(t) >

G(0)|ARS3) x-jitter = 0.06).
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Fig. 4. : a) Exemplary images of growth experiment of E. coli over five hours. Starting OD = 0.003. Droplets were incubated at 37 °C. b) Predicted ODs > 0.15 for
every timepoint. ¢) Probability that E. coli growth at timepoint ¢ is larger than at ¢t = 0. Significance limits are given by Eq. 1 and calculations were performed with
Equations S1 and S2. To clearly show the data points, x-jitter was added in the plot. (p(G(t) > G(0)|ARS1) x-jitter = 0, (p(G(t) > G(0)|ARS2) x-jitter = 0.03, (p(G(t) >
G(0)|ARS3) x-jitter = 0.06).
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Fig. 5. : a) Violin plot of predicted OD at each timepoint of ARS imaging. Droplets with OD < 0.15 were not included for clarity as those empty droplets were the vast
majority. b) same as in a) but instead of ARS images, brightfield images (10x) were taken in flow and analyzed in comparison. Droplets with growth value < 10 were
not included for clarity as those empty droplets were the vast majority. c¢) Stochastic model of growth characteristics (Equations S1, S2) for ARS and brightfield
images against characteristics at t = 0. d) Left: ARS image of a droplet with cells after three hours of incubation. Right: Brightfield image of a droplet with cells after

three hours of incubation.

reduced, and at 0.5 pg mL ! the level of growth was similar to its value
at the initial timepoint t = 0. The stochastic model for determining a
significant change of growth compared to the control yielded a signifi-
cant growth reduction after two hours of incubation at 0.1 and
0.5 ug mL™! TET (p(G(t = 2) > TET,5(t = 2) ) ~ 0.94), and no signifi-
cant change at 0.03 ug mL ™! (Fig. 6¢ i-iii). This means, that already after
two hours of incubation, a conclusion about the sensitivity of the strain
towards TET at each tested concentration can be drawn. The detection
time of phenotypic antibiotic sensitivity could therefore be drastically
reduced from 16 to 20 hours in classical cultivations like disc diffusion
and roughly eight hours in high-throughput cultivations, e.g. VITEK® 2,
down to one to two hours with our microfluidic ARS imaging and
analysis platform.

Other phenotypic methods for AST also offer rapid results, some-
times even within two hours, such as Resistell, which measures the
nanomotion of cells [11], and dropFAST, which utilizes resazurin for
growth detection [68]. Pheno-molecular and molecular methods can
reduce the time even further to within 15-30 min [69,70]. However, the
advantage of our platform is that it is label-free and detects actual
growth after one to two hours. This is the equivalent of just a few
replication cycles, considering a doubling time of roughly 20 minutes
for E. coli and S. aureus [71,72]. The difference in the detection time of
both strains could be due to a longer lag-phase of S. aureus. The required
incubation time for growth detection is primarily influenced by the
growth kinetics of the organisms being tested. Organisms with slower
growth rates will necessitate extended incubation periods. Nonetheless,
the overall time required remains considerably shorter compared to
standard techniques and other comparable high-throughput growth--
based methods. It is important to note that many of the common path-
ogens, such as S. aureus, E. coli, Campylobacter spp., exhibit rapid growth
under optimal conditions [71-73]. Also, our developed platform does
not rely on the use of any fluorescent dyes or probes, which might
interfere with bacterial viability and does not require a special assay or
probe preparation. Importantly, our method is flexible and applicable to
different microbial strains. Only the deep learning models might have to
be re-trained for morphological different bacteria. Compared to other

growth-dependent and label-free methods, our platform is fast and has
high-throughput capabilities.

Additionally, our assay delivered an antibiotic resistance profile on a
single cell resolution. This enables also the evaluation of cell-to-cell
variability of resistance and the detection of few resistant cells. At
such short incubation times below two hours, a small number of resis-
tant cells are expected to lie under the detection limit in bulk experi-
ments. Through the single-cell analysis we see such heteroresistance,
which has also been demonstrated by previous studies with single-cell
AST in droplets [29,74].

In order to validate these results, micro-cultivations with various
TET concentrations were conducted with an established assay. For this, a
two-fold dilution series from 0.5 pg mL~! TET was generated and the
growth amount of S. aureus was analyzed after incubation. At
0.5 pg mL ™2, cells were fully inhibited, while at 0.1 pg mL™?, a reduc-
tion of growth down to 39 % of the control was observed, and at
0.03 ug mL~! no significant change in the growth behavior could be
detected (Fig. 6d). The p-values of the student t-test of growth in regard
to Opg mL~! TET are 2.8 x107°> for 0.5 ug mL7}, 9.5 x107* for
0.1 yg mL™! and 0.68 for 0.03 yg mL™! TET, resulting in significant
changes in growth with the two higher concentrations of TET. The re-
sults from the bulk cultivations are, therefore, in good agreement with
the inhibition results from the ARS imaging platform.

4. Conclusion

In this study, we combined three cutting-edge technologies: (i) a
high-throughput microfluidic platform where individual bacterial cells
are encapsulated in picoliter-sized droplets, (ii) a 2D angle-resolved light
scattering sensor to perform label-free imaging of the droplets, and (iii) a
computational image analysis approach based on CNNs to monitor the
dynamics of microbial growth in droplets. This approach allowed us to
realize the high-throughput differentiation of various cell concentra-
tions as well as the growth measurement of cell populations starting
from a single cell. Growth could be reliably detected after one and two
hours for E. coli and S. aureus, respectively. Thousands of droplets were
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Fig. 6. : S. aureus cells (OD 0.003) were encapsulated with three concentrations of tetracycline (0.03, 0.1, 0.5 ug mL™!) and incubated at 37 °C for five hours. ARS
images were taken hourly. a) The percentage of non-empty (OD > 0.15) droplets were plotted over time in reference to the TET concentration. b) The predicted ODs
of the non-empty droplets over time. ¢) Monte-Carlo sampling from the fitted stochastic model of growth comparing the different antibiotic concentrations against
the three control growth experiments. i-iii) The probability for each TET experiment is averaged against the three control experiments. d) Microcultivation
experiment of S. aureus cells with various concentrations of TET as validation of our ARS platform. A Gompertz function was fitted.

imaged within less than ten minutes and analyzed with deep learning
supported CNNs within a few minutes. Our results reveal that ARS im-
aging is more sensitive than microscopic inspection of droplets in flow,
which in particular is due to the fact that ARS imaging is not restricted to
imaging a single focal plane but rather illuminates the entire droplet at
once. We, therefore, conclude that this high-throughput, sensitive and
label-free detection method has the capability for rapid single-cell AST.
This was demonstrated in a proof-of-concept study for the clinically
relevant organism S. aureus and three concentrations of tetracycline. The
sensitivity towards the antibiotic concentrations could be reliably
determined after two hours of incubation. The integration of deep
learning into our high-throughput, label-free detection method marks a
significant advancement in microbial diagnostics and AST. Deep
learning, particularly with CNNs, allows for rapid and efficient analysis
of complex ARS image data. Once these models are trained, they enable
swift and accurate interpretations, which are essential for timely clinical
decision-making.

For this platform to be even more potent for rapid AST, multiplexing
of multiple different antibiotics needs to be implemented [75,76]. Also,
validation of this platform by testing bacterial strains with unknown
resistance patterns as well as different antibiotics will be a next step. In
addition, implementation of sample preparation steps, such as cell
separation and adjustment of cell concentration prior to encapsulation
will be crucial for rapid AST from complex biological samples in clinical
applications. Beyond AST, the methodology presented in this
proof-of-concept study is also able to retrieve information on cell

morphology [43]. This could potentially be used to simultaneously
identify and follow the growth of morphologically different members of
a microbial mixed culture. This would also include the development of
an array of different CNNs that are trained to determine the growth of
several groups of microbes with different morphologies and cell ar-
rangements. Another important application is the detection of rare and
slow-growing microorganisms from environmental samples in micro-
fluidic droplets [77]. These rare microbes are often very slow-growing
so that growth is overlooked when empty droplets are separated from
droplets with growth by classical microscopic analysis. With this plat-
form, it would be possible to specifically target the slow-growing mi-
crobial cells. Overall, our platform can be used for multiple microbial
and biomedical applications such as minimal inhibitory concentration
determination, rapid single-cell based AST and screening for growth or
morphological heterogeneity within bacterial populations.
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