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ABSTRACT

Motility is a fundamental characteristic of bacteria. Distinguishing between swarming and swim-
ming, the two principal forms of bacterial movement, holds significant conceptual and clinical
relevance. Conventionally, the detection of bacterial swarming involves inoculating samples on an
agar surface and observing colony expansion, which is qualitative, time-intensive, and requires
additional testing to rule out other motility forms. A recent methodology that differentiates
swarming and swimming motility in bacteria using circular confinement offers a rapid approach
to detecting swarming. However, it still heavily depends on the observer’s expertise, making the
process labor-intensive, costly, slow, and susceptible to inevitable human bias. To address these
limitations, we developed a deep learning-based swarming classifier that rapidly and autono-
mously predicts swarming probability using a single blurry image. Compared with traditional
video-based, manually processed approaches, our method is particularly suited for high-
throughput environments and provides objective, quantitative assessments of swarming prob-
ability. The swarming classifier demonstrated in our work was trained on Enterobacter sp. SM3 and
showed good performance when blindly tested on new swarming (positive) and swimming
(negative) test images of SM3, achieving a sensitivity of 97.44% and a specificity of 100%.
Furthermore, this classifier demonstrated robust external generalization capabilities when applied
to unseen bacterial species, such as Serratia marcescens DB10 and Citrobacter koseri H6. This
competitive performance indicates the potential to adapt our approach for diagnostic applications
through portable devices, which would facilitate rapid, objective, on-site screening for bacterial
swarming motility, potentially enhancing the early detection and treatment assessment of various
diseases, including inflammatory bowel diseases (IBD) and urinary tract infections (UTI).

ARTICLE HISTORY
Received 14 January 2025
Revised 27 March 2025
Accepted 7 May 2025

KEYWORDS

Bacterial motility; deep
learning; swarming;
inflammatory bowel disease;
in vitro diagnosis;
microbiome test

the same direction on semi-solid surfaces, facilitated
by flagella and surfactants.” These two concepts,
swarming and swimming, both mediated by flagella,
are sometimes conflated; for example, densely popu-
lated swimming bacteria are often referred to as “a
swarm of bacteria.” However, most microbiologists

Introduction

Motility is an intrinsic characteristic of bacteria;
despite the energy expenditure, it provides high
returns by enabling bacteria to acquire nutrients
actively and evade harmful environments.'

Swimming/planktonic and swarming are the two
primary forms of bacterial movement mediated by
flagella. Swimming involves individual bacteria pro-
pelling themselves in a single direction using flagella
in liquid environments. Swarming, however, entails
rapid coordinated movement of bacterial groups in

recognize that swarming and swimming represent
fundamentally different types of motilities.
Understanding their distinctions holds significant
research and clinical value, because swarming bac-
teria can exhibit unique properties that are absent in
bacteria lacking swarming capabilities. Swarming
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bacteria can move effectively on semi-solid surfaces,
and they exhibit distinctive properties when infect-
ing hosts or demonstrating therapeutic effects, com-
pared to bacteria that possess only swimming
abilities without swarming capabilities. For example,
in patients with catheter and non-catheter-
associated urinary tract infections (UTI), 80% of
the pathogenic clinical isolates are uropathogenic
E. coli (UPEC).? The primary determinant of
UPEC virulence in UTT is swarm (biofilm) forma-
tion; however, in these studies, swimming cannot be
excluded as a potential pathogenic factor.*> In mice,
UPEC moves up from the bladder to infect the
kidney; however, swarm-deficient UPEC is unable
to infect the kidney.® Another example is Proteus sp.
(P. mirabilis), a swarming bacterium whose urinary
tract virulence is notably associated with swarming
behavior.”'° Contrasting with the generally harmful
effects typically related to swarming bacteria, recent
studies suggest that the enrichment of swarming
bacteria under conditions of intestinal stress may
confer beneficial effects. Specifically, swarming bac-
teria have been shown to promote intestinal mucosal
repair and alleviate inflammation, thus demonstrat-
ing therapeutic effects for inflammatory bowel dis-
eases (IBD).!"

Consequently, swarming bacteria may serve as
effective biomarkers for detecting several diseases.
In the case of IBD, for clinical samples (fecal matter
or colonoscopic aspirate) there are swarming differ-
ences between those with intestinal inflammation
versus those without."' It has also been reported
that the swarmer isolates from mice, for example,
SM1 (isolated from control mice) and SM3 (isolated
from colitic mice), differ in their swarming rates but
not in their swimming rates."" Given these findings,
there is a pronounced need to develop efficient and
cost-effective methods for detecting the presence of
swarming bacteria in, e.g., urine and fecal samples,
thereby facilitating the diagnosis of infections or
related diseases such as IBD."

For a conventional bacterial motility test,
researchers inoculate the sample on a 0.5% (w/v)
or 0.3% agar surface and observe the colony expan-
sion to determine if the sample bacteria are swim-
ming or swarming. However, this qualitative
method requires at least 10 hours, and additional
experiments are needed to exclude gliding or sliding

motility. To this end, prior work has successfully
distinguished the motion patterns of planktonic
and swarming Enterobacter sp. SM3 with high effi-
ciency and certainty on the soft agar surface, which
was facilitated by the use of Polydimethylsiloxane
(PDMS) chips with circular wells'® to amplify the
differences between swarming and swimming
motion patterns for clearer observation."*'®> This
prior research has investigated the visual and physi-
cal differences between SM3 swarmers and SM3
swimmers in confinements using naked-eye-based
observations assisted by Vortex Order Parameters
(VOP) and spatial auto-correlation functions.?
Specifically, in addition to direct visual checks,
image sequences of each captured video were used
to calculate the velocity field and then calculate the
parameters and functions,'® revealing that swarmers
exhibit a single-swirl motion pattern whereas their
planktonic counterparts form multiple randomly
distributed local swirls within the confinements.
This process requires manually marking the region
of interest (ROI) and smoothing the vector field,
which is relatively laborious, time-consuming, and
prone to errors and thus not suitable for high-
volume and automated settings. Moreover, the
determination of the VOP thresholds for differen-
tiating swarming and swimming motion patterns is
subjective and relies heavily on experiential judg-
ment, making the ambiguous patterns hard to define
and further complicating the interpretation of
results. Thus, there is an urgent need for an auto-
matic, objective, and quantitative image recognition
method, capable of making accurate and rapid deci-
sions on bacterial motility types.

The rapid advancement of artificial intelligence
(AI) in recent years offers a promising avenue to
address this problem. Deep neural networks
(DNNs) stand out due to their exceptional ability
to handle high-dimensional, sparse, and noisy data
exhibiting nonlinear relationships.'” This capabil-
ity allows DNNs to identify subtle distinctions
between similar images or videos, even in varied
and noisy environments. Consequently, DNNs
have been widely adopted across a broad spectrum
of biomedical fields, such as microorganism
detection,'®** disease detection,”* ** and cell,**
organelle’ and organ segmentation,”® among
others.



While Al has already been utilized to analyze
bacterial ~motility properties for species
phenotyping® > and to identify various phases of
swarming development,”® the direct, end-to-end
differentiation of motility types, such as swarming
and swimming, from raw microscopic videos or
images remains largely unexplored. To address
this gap, here we report a novel method of deter-
mining the type of bacterial motility on a surface.
Unlike traditional video-based human-intervened
swarming detection methods (Figure 1(a)), this
deep learning-empowered method can rapidly
and automatically identify swarming events from
non-swarming planktonic motion patterns using
a single blurry image, as shown in Figure 1(b).
The swarming DNN classifier, developed using an
attention-based neural network, was trained to dis-
tinguish between swarming and planktonic motion

Traditional video-based swarming detection method

Single image of
bacteria with non-
swarming status
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patterns by interpreting specific spatiotemporal
features encoded in a single image through a long
integration time, yielding high specificity and sen-
sitivity for both internal generalization (SM3 bac-
teria) and external generalization tests involving
other types of bacteria never seen before, such as
Serratia marcescens DB10 and Citrobacter koseri
Heé. This technique offers an automated, objective,
efficient, and quantitative approach for evaluating
the swarming probability of a sample. This
advancement has the potential to evolve into
a portable system or be integrated into
a smartphone-based device together with simple
disposable chips, creating a convenient, rapid, and
practical method for on-site screening of microbial
motility in complex samples and helping the spe-
cific and sensitive detection of various bacterial
diseases.

Swarming
(positive)

Non-swarming
(negative)

>~ 2
6 —> —»E2 EQ > + . —3| Swarming
=~ £ ﬁ g g or not?
23 % 3
N~ 5&
Samples to be Phase-contrast - 2 - Human observation Observation
obeserved  microscope 5um Videos to be tested 2 MM + VOP analysis results
b Single-image based automatic swarming detection method using deep learning
I e e e s T T T e e e e e e e e e i
| Training of the deep learning-based swarming classifier I Testing of the deep learning-based swarming classifier !
i i i
1 1 1
: : :
1 1 Deep learning-based 1
i Labeled as 1 : swarming classifier :
! Deep learning-based : :
: SFm swarming classifier : :
' — - i Probability of !
| oaserawih y i = e
1 1 swarmin 1
H swarming status —» BCE ! gp !
! (positive) —» loss | _ |
1
A ! 5um 1
: —> : :
: 1 Single image of I
1 : bacteria with 1
1 1 1
1 | unknown status i
i i i
1 1 1
1 1 1
1 1 1
1 1 1
1 1 1
1 1 1
1 1 1
1 1 1
1 1 1
i ! 1
1 ! I

(negative)

Thr: Decision threshold € [0,1]

Figure 1. Deep learning-enabled bacterial motility analysis to detect swarming motion on a surface. (a) The traditional video-based
swarming detection methods require human interventions and observations, which are time-consuming, laborious, and susceptible to
various sources of errors. (b) The deep learning-based swarming classifier, after its training, can rapidly provide automated, and
accurate predictions of bacterial motion patterns (swarming or planktonic) on unseen data using a single image with a long

integration time of ~0.3 sec.
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Results

The deep learning-enabled bacterial swarming
detection neural network used in our work was
built based on the DenseNet’” architecture using
SM3 (Enterobacter sp.) bacteria. Samples exhibiting
swarming and planktonic states of SM3 were pre-
pared according to a standardized protocol out-
lined in ref'” and detailed in the Methods section.
These samples were then positioned under a phase-
contrast microscope (Olympus CKX41, 20x) for
video capture. The single image per well, serving
as the input of the deep learning-based swarming
classifier, was obtained by averaging 10 consecutive
frames from the raw video, corresponding to a total
integration time of ~0.34 sec per image. In this
single blurry image, the time-varying bacterial
movement is encoded into the spatial domain,
creating distinct trajectory patterns for the swarm-
ing and swimming states of bacteria that the DNN

Attention module
22>

model can learn and differentiate. Specifically,
swarming (positive) patterns are characterized by
a distinct, centrally located bright ring in each long
exposure image, arising from the collective and
repetitive global swirling motion of SM3 swarmers.
In contrast, swimming (negative) patterns resulting
from the free movement of individual bacteria pro-
duce more random and featureless trajectory pat-
terns in each long exposure image. However,
a bright ring-shaped artifact located at the well
edges was also observed in both the swarming
and swimming bacteria samples, complicating the
predictions made by the DNN model. This occurs
because the bacterial movement is confined at the
well edges, forcing the bacteria to move along these
boundaries. To address this edge artifact and
enhance the model accuracy, an attention module
was integrated to the basic structure of the classifier
(as shown in Figure 2). This module adaptively
adjusts the radius and centroid shifts of the circular
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Figure 2. Network architecture of the deep learning-based swarming classifier. The DNN model was built based on the backbone of
DenseNet.*” The attention module is used to adaptively generate attention maps with adjustable radius and centroid shifts of the

circular active region for each well.



active region for each well to mitigate the influence
of peripheral bright rings.

The deep learning-based swarming classifier was
trained using a dataset of 1,301 positive images from
52 wells and 2,703 negative images from 38 wells,
with 90% allocated for training and the remaining
10% reserved for validation. The trained network
model would predict a continuous output value ran-
ging from 0 to 1 for each unseen test image, repre-
senting the likelihood of being swarming motility.
Using a predefined decision threshold, the model
blindly categorized each test well as either swarming
or non-swarming based on its prediction score.

To blindly test the efficacy of our deep learning-
based swarming classifier, we initially conducted
tests on its internal generalization capabilities
using new, unseen SM3 samples (the same type of
bacteria used in training). Figure 3(a) showcases
three representative images for each of the SM3
swarming and swimming/planktonic patterns,
along with the swarming probabilities blindly pre-
dicted by our DNN model. The predicted swarm-
ing probabilities closely aligned with the ground
truth labels, assigning high values to swarming
patterns and low values to swimming patterns,
demonstrating the model’s accuracy in distinguish-
ing between these motility patterns. Subsequently,
the swarming detection DNN model underwent
blind testing on a large dataset comprising 39
SM3 swarming (positive) well images from 5 inde-
pendent experiments and 44 SM3 swimming/
planktonic (negative) well images from 7 indepen-
dent experiments, achieving a sensitivity of 97.44%
and a specificity of 100%. Detailed confusion
matrix results are presented in Figure 3(a).

Next, we extended our blind testing of the deep
learning-based swarming classifier to include two
new bacterial strains, DB10 (Serratia marcescens
Lab strain) and H6 (Citrobacter koseri), which
were not included in the training set; this constitu-
tes an external generalization test on the trained
classifier. The classification results are summarized
in Figure 3(b). For DB10, when tested on 48 swarm-
ing (positive) well images from 5 independent
experiments and 31 swimming/planktonic (nega-
tive) well images from 5 independent experiments,
our DNN model achieved a sensitivity of 97.92%
and a specificity of 96.77%. Similarly, for H6, the
model was tested on 27 swarming (positive) well
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images from 5 independent experiments and 36
swimming/planktonic (negative) well images from
5 independent experiments, achieving a sensitivity
of 100% and a specificity of 97.22%. Detailed con-
fusion matrices for the DB10 and H6 classification
performance are also presented in Figure 3(b). The
high accuracy achieved with these new bacterial
types demonstrates the robust external generaliza-
tion capability of the trained DNN model. This
suggests that the features the network learned to
differentiate between swarming and swimming pat-
terns are not specific to a type of bacteria, which
allows for successful generalization to other bacteria
strains without the need for retraining or transfer
learning, highlighting the model’s versatility and
adaptability. Three exemplar positive videos (one
each for SM3, DB10, and H6) and three exemplar
negative videos (one each for SM3, DB10, and H6))
together with their corresponding swarming prob-
ability scores predicted by our deep learning-based
swarming classifier are reported in Supplementary
Videos 1 and 2, respectively.

To further evaluate the classification perfor-
mance of our deep learning-based swarming clas-
sifier, we plotted the changes in sensitivity and
specificity across varying decision thresholds for
the SM3, DB10, and H6 strains, as shown in
Figure 4(a,d,g) for sensitivity and Figure 4(b,e,h)
for specificity. Additionally, Receiver Operating
Characteristic (ROC) curves for each bacteria type
are depicted in Figure 4(c,t,i), illustrating the trade-
off between the true positive and the false-positive
rates at different threshold settings. The Area
Under the Curve (AUC) is also reported in each
case, demonstrating a very good classifier perfor-
mance with scores of 0.9988 for SM3, 0.9933 for
DB10, and a perfect score of 1.0 for H6. These
metrics underscore the swarming classifier’s high
accuracy and robustness, demonstrating its strong
internal and external generalization performance,
also highlighting its effectiveness in accurately dis-
tinguishing between swarming and planktonic
motion patterns across different types of bacteria.

Discussion

To underscore the importance of differentiating
bacterial swarming behavior, it is instructive to
examine the pathological mechanisms of urinary
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a Internal generalization p: Probability of swarming predicted by neural network

Network prediction
0 1

Swarming

SM3

Planktonic
(Non-swarming)

L

— Sensitivity = 97.44%
p =0.0030 p=16447 x10®  p=3.1197 x 10 Specificity = 100%

External generalization p: Probability of swarming predicted by neural network

Network prediction
0 1

Swarming

DB10
Ground truth

Planktonic
(Non-swarming)

Sum Sensitivity = 97.92%
p =0.0002 p=0.1614 p =0.1484 Specificity = 96.77%

Network prediction
0 1

Swarming

H6

Planktonic
(Non-swarming)

— Sensitivity = 100%
p=7.6736 x 10 p =0.0006 Specificity = 97.22%

Figure 3. Swarming detection performance of the deep learning-based classifier in blind testing across SM3, DB10, and H6 bacterial
strains. (a) Three example images for each of the SM3 swarming and swimming/planktonic patterns, along with the swarming
probabilities predicted by our DNN model (left). The confusion matrix tested on a dataset composed of 39 swarming (positive) well
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Figure 4. Sensitivity and specificity curves at varying decision thresholds, alongside the ROC curves for the deep learning-based
swarming classifier, in blind testing across SM3, DB10, and H6 bacterial strains. (a) The sensitivity vs. The decision thresholds for SM3
using the same test dataset in Figure 3. (b) The specificity vs. The decision thresholds for SM3 using the same test dataset in Figure 3.
(c) The ROC curve for SM3 using the same test dataset in Figure 3, with AUC = 0.9988. (d-f) same as (a-c), but for DB10, with AUC =

0.9933. (g-i) same as (a-c) and (d-f), but for H6, with AUC = 1.0.

tract and gastrointestinal infections. In addition to
the unique role of swarming bacteria as pathogens
in UTI, as described previously, bacterial swarming
is also closely related to therapeutics for UTIL.
Specifically, the probiotic, non-swarming E.coli
83972, which was endorsed by the European

Association of Urology Guidelines in 2015, shows
significant preventative (and antibiotic sparing)
properties. This strain of bacteria cannot swarm
or swim because of poor flagella formation; but
can colonize without virulence. A recent report,
showed that in individuals with E. coli 83972

images and 44 planktonic (negative) well images, together with the reported sensitivity and specificity are shown on the right to
demonstrate the model’s internal generalization ability. (b) Same as (a), but for the blind testing results of DB10 (48 positive well
images and 31 negative well images) and H6 (27 positive well images and 36 negative well images), demonstrating the external

generalization capability of the same DNN model.
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colonization, who became symptomatic of UTI, the
E. coli 83972 restored its flagellar machinery and
became motile (without a change in other factors).
This suggests that motility in UTI can be condi-
tionally pathogenic.”® Moreover, bacterial swarm-
ing colony inhibitors, typically those that affect
quorum sensing, are a non-antibiotic strategy
used to combat inflammation and virulence.”*

Swarming bacteria also play a vital role in gut
health. In the normal gut, bacteria downregulate
flagella or motility gene synthesis,*® but patients
with IBD have an increased number of bacterial
swarmers present in colonoscopic aspirates and
feces.'**” Several pathogens like salmonella and
proteus are implicated in IBD and have swarming
properties. These observations directly implicate
swarming in pathogenesis, rather than protection
against intestinal inflammation. In contrast, our
prior work suggests that commensal swarming bac-
teria could protect against host inflammation and
provide a cue to developing personalized
probiotics."’ In the context of IBD, feces from
patients showed a significant upregulation of fla-
gella and the motility apparatus as compared to
healthy donors.”® This implies that early swarm
flow detection in feces could be developed into
diagnostic tests for IBD. More importantly, early
isolation of the dominant swarming strain might
provide novel probiotics for IBD, with the advan-
tage of this approach being autologous rather than
heterologous.*” These emphasize the necessity to
develop efficient and cost-effective methods for
detecting swarming bacteria in urine and fecal
samples, thereby allowing for rapid diagnosis of
infections and associated diseases.

In this work, we developed an Al-based motility
test model capable of rapidly and accurately pre-
dicting the probability of swarming within each test
confinement using a single image with a long inte-
gration time of ~0.3 sec. Compared with colono-
scopy or fecal microbiome metagenomic analyses,
such a noninvasive and economical Al-based moti-
lity test would offer several advantages, including
reduced discomfort for the patient, cost-
effectiveness, rapid result delivery, and user-
friendly readouts. Furthermore, apart from the
initial sample collection and image capturing, the
following detection process is fully automated,
requiring minimal human supervision and

parameter tuning. This not only saves labor but
also ensures an objective and quantitative assess-
ment free from personal bias. Particularly valuable
in high-volume settings (e.g., multiple biological
samples grown in multi-well plates), our method
significantly reduces reliance on human expertise
and increases detection throughput compared to
human-intervened observations, thereby poten-
tially enabling efficient on-site screening for related
diseases. Another important feature of the pre-
sented approach is its ability to automatically
detect the motility signal earlier. Examiners do
not need to wait for the colony to grow into
a large size, and a small colony of ~2cm in dia-
meter is sufficient for the test. Additionally, our
method is adaptable to various application scenar-
ios, allowing for adjusting sensitivity or specificity
preferences based on specific needs through flex-
ible decision threshold settings. For instance,
in situations where diseases or infections could
cause severe consequences, detection sensitivity of
our method can be increased by lowering the deci-
sion thresholds (with a compromise in specificity).
Conversely, in cases where treatments are painful
or resource-intensive, detection specificity can be
enhanced by setting higher thresholds in our
method (with a compromise in sensitivity).
Notably, this decision threshold adjustment will
be a one-time effort tailored to each specific appli-
cation scenario, which is inherently different from
the intensive parameter tuning for each individual
measurement as required by traditional analysis
methods. Finally, the single-image-based detection
mechanism in our method does not require
advanced microscopes with high frame rates. This
facilitates the possibility of transferring the Al-
based detection algorithm, along with disposable
PDMS chips, to portable devices, even smart-
phones, which could potentially be used to predict
real-time swarming probability.

The success of our deep learning-based swarm-
ing classifier lies in the incorporation of the atten-
tion module to mitigate edge artifacts. These
bright, ring-shaped artifacts, present in both posi-
tive and negative well images, can interfere with the
network’s ability to learn useful features, thereby
degrading the classifier’s performance. To further
demonstrate the importance of the attention mod-
ule used in our workflow, we conducted an ablation



study by training another deep learning-based clas-
sifier using identical network architectures and
training settings, except for the removal of the
attention module. The results, presented in
Supplementary Figure S1, clearly show the super-
iority of the model with the attention module,
which shows higher sensitivity and specificity for
both internal and external generalization tests
compared to the model without the attention mod-
ule. The integration of the attention module not
only preserves high model accuracy but also pre-
vents potential data loss that could arise from using
a fixed radius for the circular active regions across
all input images. To explicitly illustrate the func-
tion of the attention map, we expanded the single-
image neural network inputs (one positive example
and one negative example) into their original
sequences of 10 consecutive raw video frames,
overlaying each frame with the complementary
region of the circular attention map (shaded in
yellow), as shown in Supplementary Figure S2.
Individual bacterial movements are distinctly visi-
ble within the central region defined by the atten-
tion map, whereas undesirable bright-ring artifacts
appearing at the outer edges are effectively
excluded. This visualization highlights a clear spa-
tial correlation between bacterial motility regions
and the boundaries delineated by the attention
maps, illustrating these maps’ capability to selec-
tively preserve critical motion-related information
within the active region while suppressing periph-
eral artifacts.

Moreover, the rationale for utilizing circular
attention maps, as opposed to other shapes, is
motivated by the circular geometry of the confine-
ment wells and the inherent tendency of collective
bacterial motility to form circular or vortex-like
trajectories due to hydrodynamic interactions.’!
Consequently, a circular attention map can more
effectively capture these intrinsic motility patterns,
thus enhancing our classification accuracy. To
further validate this design choice, we trained an
additional neural network using rectangular atten-
tion maps, with details provided in the Methods
section, while keeping the network structure and
training hyperparameters consistent across the
experiments. The comparative analysis, presented
in Supplementary Figures S3(a - b), reveals
a noticeable reduction in the classification
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performance with rectangular attention maps, par-
ticularly affecting the detection sensitivity for strain
DBI10. A representative comparison of circular and
rectangular attention maps applied to the same
swarming well is also illustrated in Supplementary
Figure S3(c).

Another important factor impacting the net-
work performance is the integration time used to
generate single-image network inputs, which can
mimic various exposure durations in practical ima-
ging scenarios. Supplementary Figure S4(a) shows
integrated images from both a positive and
a negative well, created by averaging/integrating
different numbers of consecutive frames (1, 5, 10,
15, and 20) from raw video data. This analysis
suggests an optimal integration time that achieves
maximum contrast between the swarming (posi-
tive) and planktonic (negative) states. When the
integration time is too short, such as a single
frame, bacterial trajectories do not accumulate ade-
quately, leading to poor differentiation between the
two states; notably, the positive wells do not
obviously display the characteristic “bright-ring”
pattern indicative of collective bacterial swarming
movement. Conversely, excessively long integra-
tion time also diminishes the distinction between
positive and negative wells, as the random move-
ments of planktonic bacteria will eventually cover
the entire imaging area, making negative wells
appear like positive ones. This observation was
quantitatively validated through an image contrast
analysis detailed in Supplementary Figure S4(b -
e). A ROI, shaded in yellow in Supplementary
Figure S4(b), primarily encompasses the “bright-
ring” like features that differentiate swarming from
swimming motilities. The average intensity within
this ROI was measured for both positive and nega-
tive wells, as shown in Supplementary Figure S4(c
— d). The contrast was calculated as the scaled
intensity difference between the positive and nega-
tive well groups, with the highest contrast achieved
with an integration of 10 frames, as demonstrated
in Supplementary Figure S4(e). This optimal choice
was further substantiated by assessing the classifi-
cation accuracy (Supplementary Figure S4(f)) of
neural networks trained with varying numbers of
integration frames, where integrating 10 consecu-
tive frames (equivalent to an integration time of
0.34 s) achieved the highest accuracy across the test



10 Y. LIET AL.

dataset comprising three bacterial strains (SM3,
DB10, and H6). Strain-specific analysis showed
that while a 10-frame integration was most effec-
tive for SM3 and DB10, a shorter 5-frame integra-
tion was optimal for H6. This can be attributed to
several factors, such as differences in bacterial
movement speed, density per well, and the unique
motility characteristics of each strain. Given these
comprehensive qualitative and quantitative
insights, a 10-frame integration (0.34 s) was
thereby established as the standard condition used
in this study. For further details on the image con-
trast analysis and neural network training methods
under varying frame integration settings, please
refer to the Methods section.

Future explorations. Although we achieved very
high classification accuracy on the blind testing
dataset, the neural network still produced two
false negatives (one SM3 well and one DB10 well)
and two false positives (one DB10 well and one H6
well), as shown in Supplementary Figure S5(a). In
these cases, the misclassified images typically exhi-
bit ambiguous or borderline features and tend to lie
near the decision boundary, as evidenced by our
t-distributed Stochastic Neighbor Embedding (t--
SNE)>* feature projection analysis reported in
Supplementary Figure S5(b), with features
extracted using a pre-trained Visual Geometry
Group (VGG-16) model;> also see the Methods
section. Such errors could potentially be mitigated
by adopting more advanced network architectures,
augmenting the training data with additional
examples, and refining the attention mechanism.

Strain-specific motility patterns can be used to
distinguish surface adhesion of virulent versus pro-
biotic E.coli.>* These observations may also apply
to other bacterial strains where a species may have
several sub-strains, some possessing host benefi-
cial, and others host virulent properties. The deep
learning-based AI motility detection method
demonstrated in our work could potentially be
extended to provide predictions for host beneficial
or virulent properties based on motility patterns
alone. To ensure the prediction accuracy,
a comprehensive analysis of swarm and swim moti-
lity could be conducted on both soft and hard
surfaces, encompassing multiple bacterial strains
and different rheological surfaces (e.g., mucins).

A priori knowledge of the strains that are virulent
versus beneficial could serve as the ground truth.
After the Al model’s prediction, beneficial swarm-
ing strains could then be curated for various appli-
cations such as probiotics or for drug delivery,”
and under external convection methods.”®

Moreover, deciphering swarming type forma-
tions under confinement in mixed bacterial cul-
tures could be set as future work based on the
current deep-learning swarming detection
method and then tested combinatorically using
multiple swarming and non-swarming species
mixed. However, it is important to note that for
detecting the dominant swarmer grown out from
fecal samples, the single-strain bacterial swarming
identification presented in our study is already
valuable because there is always one swarmer
strain showing up on the edge of the sample
colony.'' Another future goal could be to test
the motility detection model in environments
that introduce obstacles to flow fields in confine-
ment. For example, it could be tested using actual
fecal samples that would have such obstructions
(e.g., non-motile food particles). Through these
future studies, it might be possible to attain AI-
based prediction models for determining swarm-
like patterns in complex media like feces or soil.
This strategy could eventually be used to monitor
host symbiosis or the emergence of a motile
pathogen,” soil bacteria, relationships between
soil conditions and plant (crop) health,”® or
even climate change via for example, effects on
coral bacteria.” ®* The automated plug-and-play
determination of the probability of swarming
could be studied in the context of chemo-
attractants embedded into the agar to see which
environmental or xenobiotic chemicals could
trigger acceleration or diminution of swarm
behavior. Contextually, these chemicals could
serve to either therapeutically inhibit bacterial
swarming (e.g., catheter-induced urinary tract
pathogens)>* or aid in the swarming phenotype
(e.g., gut-induced inflammation).®® Similar
approaches have been investigated for individual
species of bacteria.®*

Study limitations. In our paper, we used selected
gram-negative bacterial species isolated from feces
(SM3, H6) as well as a laboratory strain (DB10).



Indeed, while obligate anaerobes do not swarm,*
there are some gram-positive bacteria that do (e.g.,
B. subtilis) and these types of bacteria have not been
examined in detail in the current work. The strains we
used have a typical moving speed of ~30 um/s and cell
length of ~3 pm, which are representative of motile
bacteria. There may exist some statistically outstand-
ing combinations of bacterial cell length and swim-
ming speed, altering the confined collective motion
pattern, which will be covered in future studies.
Moreover, the deep learning-based swarming detec-
tion models in our work were derived using smooth
agar surfaces at fixed humidity and ambient tempera-
ture conditions, which could be sufficient for creating
a standardized clinical test, but rheologically different
surfaces or agar gel media (e.g., rough agar, mucin,
different agar compositions for the swarm plates)
have not been examined yet. In the future, these
conditions will be thoroughly explored, and using
a graded motility library of bacterial mutants (e.g.,
iCRISPR library® we can potentially adapt the model
parameters for a broader context as movement can be
altered in subtle ways between strains. Furthermore,
within the body, different environments may be
encountered, and the switch between swimming
and swarming behaviors may naturally occur.

All in all, the plug-and-play automated classifica-
tion of bacterial motility using a single image with
a long integration time of ~0.3 sec is a major step
forward from the state of the art. Further studies on
mixed bacteria environments in real fecal samples
and user-friendly refinements of the current work
could potentially lead to the development of
a practical application (e.g., for smartphones), capable
of capturing images and processing them in real-time,
offering a convenient and immediate method for
analyzing bacterial motility in various settings.

Materials and methods
Sample preparation and imaging

The bacteria strains used in this study are SM3
(Enterobacter sp., isolated from inflammatory mice
by Mani Lab,'"! DB10 (Serratia marcescens; lab strain
provided by Cornelia Bargmann at Rockefeller
University) and H6 (Citrobacter koseri, isolated
from human colonoscopy aspirates by Mani Lab.""

Sample and PDMS preparation procedures were
based on the protocols presented in ref."’ Briefly,
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bacteria strains were transferred from — 80°C glycerol
stock to fresh LB (Lysogeny Broth: water solution
with 10 g/L tryptone, 5 g/L yeast, and 5 g/L NaCl)
and shaken overnight (~16 hours) in a 37°C incuba-
tor at 200 rpm. Then, 2 pL overnight bacterial culture
was inoculated on the center of an LB agar plate (10 g/
L tryptone, 5 g/L yeast, 5g/L NaCl, and 5 g/L agar;
volume = 20 mL/plate) and placed in a 37°C incuba-
tor. After the population of bacteria started swarming
for 6 hours, a PDMS chip (~1 cm?) was mounted
upon the edge of the swarming (positive). Each well
on the PDMS chip has a diameter of 74 pm. Similar
concentration of freshly grown bacterial culture in LB
medium (10 uL) were inoculated on 0.5% LB agar
plate, and the PDMS chip was mounted immediately
(exhibited planktonic or negative). Once the samples
were prepared, they were positioned on a phase-
contrast microscope (Olympus CKX41, 20x) for
video capture at a frame rate of 29 fps. The imaging
FOV spans approximately 422 x 353 um?, corre-
sponding to 2448 x 2048 pixels.

Image processing and training/validation dataset
preparation

After the video acquisition of bacteria exhibiting
swarming (positive) or planktonic (negative) sta-
tus, the training/validation dataset was prepared
following the image processing workflow reported
in Supplementary Figure S6. This step can also be
automated using the Hough Circle Transform, as
demonstrated in Supplementary Figure S7, to iden-
tify and select intact circular wells for analysis.
First, the centroid coordinates of the individual
well/confinement were manually selected for each
video. Image sequences centered on these coordi-
nates were then spatially cropped from the entire
imaging FOV using a window size of 500 x 500
pixels (~86 x 86 um?®) across all time points. To
obtain a single image per test well for training/
validating the deep learning-based swarming clas-
sifier, every 10 consecutive frames of the cropped
image sequences were averaged over the time
domain, mimicking a 10x longer integration time.
The resulting single image was then normalized to
have a zero mean and unit variance. Furthermore,
to eliminate any interference from background
features or noise, the intensity values of the regions
outside the well were set to zero. It is important to
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note that the labels for the well images in our study
are derived unambiguously due to the distinct
experimental protocols used to prepare the wells
for swarming (positive) and planktonic (negative)
states, as described in the previous section.
Specifically, all the negative samples were sourced
from control experiment protocols, while all the
positive samples originated from experiments
intended to induce swarming. This method effec-
tively precludes the possibility of label confusion
between the positive and negative wells.
Additionally, each well image was meticulously
inspected manually to exclude any wells that exhib-
ited defocusing or poor contrast. In total, the data-
set includes training/validation images from 52
wells across 6 swarming experiments and 38 wells
from 10 planktonic experiments. By employing
data augmentation over time, varying the start
and end points of the 10-frame sequences used
for averaging, we generated 1,301 positive and
2,703 negative images that were used for training
and validation.

Network structure and training schedule

The deep learning-based swarming classifier was
developed using DenseNet’” as its architectural
backbone, with its detailed structure illustrated in
Figure 2. Before the DenseNet structure, an atten-
tion module, constructed using a standard convo-
lutional neural network, was exploited to
adaptively determine the radius r and centroid
shifts (s, and s,) of the circular active region on
the attention map. This attention map was gener-
ated by the sigmoid function defined below,

Attn_map circle(,,) = ) +e—(k(rz—(xix)zf(}’*s}/)z))) (1)

where r, s, and s, are the parameters predicted by
the attention module, and x and y are the image
indices in the horizontal and vertical directions,
ranging from [-250, 250] pixels. k is the factor to
adjust the slope of the sigmoid function, which
was empirically set to 0.0001. Moreover, the r
predictions were constrained in the range of
[160, 230] pixels, and the s, and s, predictions
were constrained within [-10, 10] pixels. Due to
the continuous differentiability of the sigmoid
function, generating attention maps using this

function instead of binary segmentation ensures
that gradients are properly backpropagated during
the training process. For the comparative neural
network utilizing a rectangular attention map, the
attention module outputs parameters that differ
from those used to define the circular attention
map. Rather than outputting the radius r and
centroid shifts (sy and s,), the attention module
specifies the height h, width w, and centroid shifts
(sx and s,) to define the rectangular attention area.
This rectangular attention map is generated using
the following formula:

Attn_map_rectangle, ,) = 1 . 1
e () B ()

. 1+e’(k(y’(5y’}fx))) ' 1+e’(k(<’7+%)’y))

(2)

where h, w, s, and s, are the parameters predicted
by the attention module for defining the position
and dimension of the rectangular attention map,
and x and y are the image indices in the horizontal
and vertical directions, ranging from [-250, 250]
pixels. k was empirically set to 0.05. The h and w
predictions were constrained in the range of [320,
460] pixels, and the s, and s, predictions were
constrained within [-10, 10] pixels. After obtaining
the attention map, it was pixel-wise multiplied with
the input image. The resulting image served as the
final input for the DenseNet module to mitigate
edge artifacts — specifically, the peripheral bright
rings observed in both the positive and negative
test well images. Utilizing the attention mechan-
ism, rather than setting a fixed value for r, 5, and s,
allows to adapt dynamically based on the current
input. This approach not only helps eliminate edge
artifacts but also ensures the retention of the most
valuable information in each test image and toler-
ates unavoidable centroid shifts during the image
cropping process.

The loss function we used to train the swarming
classifier network is the weighted cross-entropy
loss defined as

(p.g) = oy Sy —wi % gea x log (#ﬁ@))
3)

where p presents the network output, which is the
probability score for each class (swarming or non-



swarming) before the SoftMax layer, and g is the
ground truth, which was set to 0 (negative, non-
swarming) or 1 (positive, swarming) in our binary
classification setting (g ; = 1 for positive class, g »
=0 for negative class), K is the total number of
training instances in one batch (K =32). w; is the
weight assigned to each class to balance the uneven
positive/negative sample distributions, which is
defined as w; = 1 — d;, where d; is the percentage
of the samples in class I (d; = 32.5% for the positive
class, d, = 67.5% for the negative class).

During the training process, we exploited tech-
niques such as batch normalization and dropout
(with a rate of 0.5). Image flipping and rotation
were utilized when loading the training dataset for
data augmentation. The network model was opti-
mized using the Adam optimizer,66 which incorpo-
rated a momentum coefficient of (0.9, 0.999). The
initial learning rate was set at 10~> and was reduced
by a scheduler with a coefficient of 0.9 every 10
epochs. Our model was trained on an Nvidia
GeForce RTX 3090 GPU with a batch size of 32.
The final model used in our work was selected
based on the lowest validation loss. Once the
model is obtained, it only takes 0.4 seconds to pre-
dict the motility type (swarming or non-swarming)
for one test well image. The fixed decision thresh-
old during the testing phase (for generating
Figure 3) was set at 0.72, which was determined
from the validation dataset to maintain maximum
sensitivity while achieving 100% specificity.

Contrast analysis and network performance
evaluation

To investigate how the number of integration
frames used for generating single-image network
inputs influences the neural network performance,
we performed a contrast analysis on the ROIs con-
taining the “bright-ring” features that distinguish
swarming from swimming motilities. The ROI for
a certain well was defined as a ring with an inner
radius of 100 pixels (~17.3 um) and an outer radius
of 180 pixels (~31.1 um). We then calculated the
average intensity within this ROI (I, for positive
wells and I,,,, for negative wells) using single images
generated by averaging 1, 5, 10, 15, or 20 consecu-
tive frames from the raw videos. Next, these average
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intensities were computed across all 114 positive
and 111 negative wells in the blind test set, yielding
the final values (I,os and I,,) for each integration
setting (Supplementary Figure S4(c - d)). We sub-
sequently quantified the signal difference between
the positive and negative wells by defining the signal
contrast as:

Signal contrast = Tpos g (4)

[pos T Ineg

The signal contrast values for each integration set-
ting are shown in Supplementary Figure S4(e). In
addition, we trained four additional swarming
detection neural networks, each using single
images averaged from 1, 5, 15, or 20 frames, respec-
tively. Including our standard setting of 10-frame
integration, this yielded five models for compara-
tive performance evaluation, with the results pre-
sented in Supplementary Figure S4(f). To ensure
fairness, all these models employed the same net-
work architecture, training hyperparameters, con-
vergence criteria, and other training/testing
conditions, differing only in the number of frames
used to generate their input images.

Other implementation details

All the image preprocessing and dataset prepara-
tions were performed using MATLAB, version
R2022b (MathWorks). The codes for training
the swarming classification DNN models were
developed in Python 3.7.11, utilizing PyTorch
1.10.1. All the network training and testing
tasks were carried out on a desktop computer
equipped with an Intel Core i9-10920X CPU,
256GB of memory, and an Nvidia GeForce RTX
3090 GPU.

Network evaluation

To evaluate the classification performance of our
deep learning-based swarming classifier, we used the
measurements of sensitivity and specificity, defined as

sensitivity = TPiPFN (5)
specificity = s (6)
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where TP means true positives, TN means true
negatives, FP means false negatives, and FN
means false negatives.

Moreover, in the t-SNE analysis to highlight
features of false positives and false negatives, the
same inputs used for our deep learning-based
classifier were processed by a pre-trained
VGG-16 model®® used for feature extraction.
The extracted features were then reduced in
dimensionality using the t-SNE method, and
the resulting two-dimensional projections are
presented in Supplementary Figure S5(b) using
the default settings provided in the PyTorch
library.
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