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Abstract

Motivation: Many organisms’ survival and behavior hinge on their responses to environmental signals. While research on bacteria-directed
therapeutic agents has increased, systematic exploration of real-time modulation of bacterial motility remains limited. Current studies often fo-
cus on permanent motility changes through genetic alterations, restricting the ability to modulate bacterial motility dynamically on a large scale.
To address this gap, we propose a novel real-time control framework for systematically modulating bacterial motility dynamics.

Results: \We introduce MotGen, a deep learning approach leveraging Generative Adversarial Networks to analyze swimming performance sta-
tistics of motile bacteria based on live cell imaging data. By tracking objects and optimizing cell trajectory mapping under environmentally altered
conditions, we trained MotGen on a comprehensive statistical dataset derived from real image data. Our experimental results demonstrate
MotGen's ability to capture motility dynamics from real bacterial populations with low mean absolute error in both simulated and real datasets.
MotGen allows us to approach optimal swimming conditions for desired motility statistics in real-time. MotGen's potential extends to practical
biomedical applications, including immune response prediction, by providing imputation of bacterial motility patterns based on external environ-
mental conditions. Our short-term, in-situ interventions for controlling motility behavior offer a promising foundation for the development of
bacteria-based biomedical applications.

Availability and implementation: MotGen is presented as a combination of Matlab image analysis code and a machine learning workflow in
Python. Codes are available at https://github.com/bgmseo/MotGen, for cell tracking and implementation of trained models to generate bacterial
motility statistics.

1 Introduction Even though bacteria demonstrate great potential, it is
essential to secure precise locomotive control for better
performance as therapeutic agents. Many seminal studies to
enhance understanding of bacterial locomotion include
analysis of a single cell or a whole bacteria population using
microscopic imaging analysis and mathematical modeling
(Sebag et al. 2015). For instance, the bacterial locomotion
was varied via genetic engineering for phenotypical variations
like flagella shape, number, and length on motility behaviors
or differences in bacterial strains (e.g. Escherichia coli,

Living organisms, including flagellated bacteria, can respond
quickly to the surrounding environmental stimuli and control
their taxis behaviors as their fundamental survival strategy.
For example, bacteria exhibit biased random walk through
precisely controlling rotary motors, which enables either run
or tumble movement by rotating the helical filament clock-
wise or counterclockwise, respectively. These repeated modes
of motility behavior enable bacteria to change direction in
space in a favorable direction. Bacteria also show promising

characteristics of being utilized as therapetuic agents, espe- ~ Bacillus Subtilius) which  significantly affected swimming
cially for cancer therapeutics, as they preferentially accumu- behaviors (Turner et al. 2016). Bacterial motility behaviors
late and proliferate in the tumoral region where the immune are also governed by environmental conditions. For example,
surveillance is not active (Zhou et al. 2018). Thus, the flagella motors adapt to persistent stimulus, and bacteria ex-
bacteria’s intrinsic locomotive elements make bacteria a good hibit different motility behaviors under different pH (Maurer
platform for a delivery system. In addition to the bacteria’s et al. 2005) and temperature levels (Rudenko et al. 2019).
unique intrinsic locomotive elements, bacteria can be Even though genetically or chemically engineered bacteria
designed specifically as immune stimulators by utilizing their ~ provide various swimming modifications, these bacteria
intrinsic pathogen-associated molecular patterns. Hence,  experience permanent and thereby irreversible changes.
when bacteria’s unique actuation and immune stimulator are Considering versatile biological system, finding methods to
combined, the traditionally unreachable necrotic tumoral  control bacteria under short-term in-situ interventions under
regions are now accessible and even have greater therapeutic ~ different environments for adaptive modes of motion
output without external driving forces (Suh et al. 2018). are imperative.
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Since the desired bacterial behavior is linked to the local
environments and the feedback system between response reg-
ulators and flagella motors, constructing frameworks that
link the environmental conditions and output behavior can
provide predictions about the optimal strategies for the motil-
ity control of the bacteria (Emonet et al. 2005). Despite the
vast literature on motility studies, we still have little access to
the precise and versatile control strategies of the swimming
motility of organisms in realistic biological environments.
The numerical and analytical analysis of the linkage between
external stimuli and motility performance has been based on
a large dataset of genomic (Ramoneda et al. 2023) and prote-
omic sequences (Shin et al. 2021), yet only a little from exper-
imental data. Developing experimented image-based datasets
with quantifiable motility features is a difficult process as
experimental determination often includes technical limita-
tions and empirical optimization that are laborious, time-
consuming, and expensive (Dubay et al. 2023). Therefore,
such a dataset with quantifiable motility features with label-
ing is unavailable. A real data-based dataset is needed to find
a confounding factor in the environment governing bacterial
motility, particularly under physiological conditions. Since
identifying the precise correlation between environmental
conditions and specific motility characteristics through sim-
ple comparative analysis of humans is difficult, a machine
learning algorithm employment is desired (Greener et al.
2021). While neural network models are used for their excep-
tional ability to handle complex nonlinear correlations, the
model must capture the stochastic nature of bacterial moving
behavior. Therefore, we used the Generative Adversarial
Networks (GANs) that can generate synthetic data mimick-
ing real data’s stochastic features by training two models si-
multaneously through an adversarial process (Goodfellow
et al. 2014). The recent advances of GAN are adopted in vari-
ous biological fields, including image analysis (Wang et al.
2022), omics (Ahmed et al. 2021) and data augmentation
(Kruitbosch et al. 2021) for better simulations and prediction
tasks. The advances are from the essence of GAN’s ability to
capture the true biological features intact, which motivated
us to further enhance and improve bacterial motil-
ity prediction.

In this study, we developed MotGen (motility generator) to
investigate the impact of physiological pH and temperature
conditions on bacterial motility behaviors under physiologi-
cal conditions. Bacterial motility performance was character-
ized by recording and analyzing bacteria’s trajectories at
constant input surrounding stimuli. From the extracted mo-
tility features, we have identified key parameters that exert
significant influence and can be effectively utilized as control-
lable variables within the motility control framework. To
create simulated synthetic data, we directly used selected mo-
tility features as a low dimensional motility vector to train
the MotGen. Using the generative model, we could extract in-
formation about the underlying behavior process from the
swimming trajectories to examine the consequences of physi-
ological environmental stimuli on bacterial motility parame-
ters and model a control system for the operational
surrounding system of desired motility behaviors. Our results
suggest that our model can qualitatively reproduce the bacte-
rial motility statistics focusing on physiological environ-
ments. We further confirmed the behavioral feedback system
of open-loop and closed-loop control framework by
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comparing the pH and temperature changes with the model-
estimated bacterial motility behaviors in a real-time manner.
Additionally, we verified the ideal operational regime for
practical biomedical applications of bacteria-mediated im-
mune stimulation assay (Fig. 1).

To the best of our knowledge, for the first time, we present
the real-time, versatile, and machine learning based control
framework of bacteria motility, verified with the practical bi-
ological experimental setups. Using MotGen, we could easily
obtain desired environmental conditions corresponding to
the specific motility features. Our novel approach proposed
here will serve as a stepping-stone for the development of pre-
cise motility control of bacteria for practical use in the study
of biomedical applications including i1 vivo applications.

2 Materials and methods
2.1 Feature extraction from bacteria trajectories

All motility characterization parameters were obtained by
computational analysis of recorded experimental video using
custom MATLAB code (Mathworks, USA). Bacterial trajec-
tories were tracked by comparing adjacent frames using an
image analysis library ‘object tracking software 2003’ devel-
oped by the Berg group (Harvard). The algorithm identifies
all moving objects that enter the field of view for the entire
frame using the Image Analysis Toolbox, labels each identi-
fied object with the ID number, and saves a list of particles’
locations (positions and frame numbers). The x—y coordi-
nates of each bacterial trajectory were identified from the ob-
ject tracking results, and key motility parameters regarding
the bacteria’s running and tumbling states were calculated to
characterize the bacterial motility (Fig. 2). The bacteria often
leave the depth of field as they move along the z-axis. This
technical limitation was optimized by additional user modifi-
cations that compared moving cells in adjacent frames to con-
nect cells based on the absolute distance, heading angles,
and velocity.

The running and tumbling events (swimming bacteria al-
tering course) were determined using the previously estab-
lished 35°/point criterion (Turner et al. 2016). When the
angle change is <35°/point for not <3 consecutive points, the
bacterium is considered in a running state and for the tum-
bling state, when the angle is >35° for not <2 consecutive
points. After identifying the run and tumble state of bacterial
trajectories, we calculated the instantaneous velocity and an-
gular change (°/point) following the methodology depicted in
Fig. 2. Based on these calculations, we determined the overall
average velocity, as well as the linear velocity and angular ve-
locity for the top 10% of trajectories in each run and tumble
state. Additional motility parameters such as the path length,
displacement, directionality (Sahari et al. 2012), and the
moving ratio were supplemented to better characterize de-
tailed dynamic features of bacteria (Turner et al. 2016,
Masuzzo et al. 2017).

The bacteria’s total traveled length and the distance be-
tween the starting point and the endpoint were used to distin-
guish between motile and nonmotile bacteria. The suspended
nonmotile bacteria are common observations that are often
eliminated for motility analysis. To avoid tracking artifacts,
tracks with a total displacement <20 pm and a displacement
between two points <15 um were considered nonmotile bac-
teria and eliminated. These described features are partly
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Figure 1. Schematic overview of the bacterial motility control workflow. (a) Experimental setup, (b) bacterial motility data analysis, and (c) real-data based
deep learning model training and validation process.
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Figure 2. Object tracking result for image analysis. (a) Snapshots of a single bacterium’s trajectory marked with running (red) and tumbling (blue) events;
scale bar 20 um. (b) and (c) Comparison of the two representatives tracked E. coli Nissle under the same temperature (37°) but different pH media: (b) pH
5, (c) pH 6. On the left, different colors of trajectory show the connected positions of a swimming bacterium. On the right, a few trajectories are
randomly chosen and plotted at the origin. (d) Motility parameters extracted from a bacterium trajectory in the 2D space. (e) Scanning electron
micrograph of flagellated E. coli Nissle. Scale Bar, 3 pm.
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taken from seminal studies and some are newly designed and
optimized. The overall statistical information on tracked mo-
tile bacteria under different experimental conditions was pre-
sented in Supplementary Table S1.

2.2 Training generative adversarial network
architecture using bacterial trajectory data

Modeling bacteria mobility is challenging because they ex-
hibit stochastic behaviors. For this reason, we utilize a gener-
ative model to capture the randomness of the bacteria
mobility with its statistical characteristics. The nine motility
parameters, extracted from the 9730 trajectories attained
through bacteria motility characterization, were used as
the training data to train the MotGen. The architecture of
both networks consists of nine linear layers (Supplementary
Fig. S3) and Leaky ReLU activations for all layers along with
the Adam Optimizer with tuned hyperparameters to enhance
the training process. The trained Generator network can be
used as the generative model to create a new set of nine motil-
ity parameters by giving the environmental parameters (i.e.
pH and temperature levels) along with a set of random num-
bers (i.e. latent vector) to the Generator. Once the model fin-
ishes training, the generated result is compared with a
portion (10%) of training data and cross validated with
newly experimented data in given conditions.

2.3 Statistical analysis

Statistical analyses such as the two-way ANOVA test and un-
paired t-test were used to obtain P-values for data compari-
sons (*P<0.05, **P<0.01, ***P<0.001). The data
obtained from the 2D motility assay with pH and tempera-
ture change were performed (7> 3) to have enough dataset.
The data for the immune response ELISA test was performed
(n=23), and the same statistical tests were performed.

3 Results and discussion
3.1 Characterizations of controllable motility
variable determination

The motility characteristics based on the modes of bacterial
movement between running and tumbling states significantly
impact overall motility trends. For example, a flagellated bac-
teria alters running and tumbling mode by changing the bun-
dle of flagella to change directions towards better living
conditions (Fig. 2a and e). In this study, we examined in
more detail the effect of environmental conditions on bacte-
rial motility at various external temperatures and pH values,
and apparent differences in motility patterns were found
when physical or chemical environments change. The swim-
ming track of E. coli Nissle and each swimming and tumbling
point were reconstructed from their positions in successive
frames in the film-recorded experiments (Fig. 2d). To verify
the quality of image analysis output, a few motility parame-
ters were compared with previously published data. For all
testing conditions, the average swimming velocity of
25-30 pm/s was consistent with previously published data
(Berg and Anderson 1973). The moving ratio of each envi-
ronmental condition after the exclusion of nonmotile bacteria
was consistent with each other, suggesting that the data-
obtaining method was consistent with each repeated experi-
ment and consisted of enough trajectory samples for all con-
ditions to avoid possible data bias concerns. Nevertheless, the
general motility pattern switches when the chemical
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environment changes using pH variations. For example, at
pH 35, the swimming trajectories were generally smooth and
slightly curved, while at pH 6, the trajectories showed fre-
quent tumbling with frequent angular change as well as
stronger curvatures (Fig. 2b and c). Bacteria exposed to
higher pH surroundings showed lower displacement and
path length but higher tumbling frequency, so more trajecto-
ries are centered at the origin (Fig. 2¢). Interestingly, the pH
levels are not linear rated to each motility feature, and each
of them manifests different increasing or decreasing patterns.
For instance, when the surrounding pH increases, the tum-
bling frequency decreases linearly, but the running velocity
decreases and then increases (Fig. 3a and e).

The temperature change analysis shows that path length,
displacement, running velocity, and angular velocity were sig-
nificantly altered. The effect of increasing temperature led to
much higher path length but a decrease in running velocities,
which is expected as the FIhD level is down-regulated in the
febrile temperature (Rudenko et al. 2019). Therefore, when
the total swimming path length increased with increased run-
ning angular velocity and the tumbling angular velocity, the
bacteria’s beginning and end positions were further apart,
which explains why these factors significantly differed with
the temperature changes (Fig. 3b-d). This movement is con-
sistent with the Ornstein-Uhlenbeck process, where the tum-
bling event starts by decreasing the running velocity value
(Uhlenbeck and Ornstein 1930). However, it is important to
note that the running velocities or angular velocities do not
increase linearly with respect to temperature increase. In fact,
for running and tumbling velocities, 25°C showed the highest
activity, and 37°C showed the lowest activity (Fig. 3a and d).

For a different pH suspension of E. coli Nissle, the impact
on tumbling-related motility parameters was much apparent.
The changes in tumbling angular velocities and the tumbling
frequency were most apparent when the lower and higher pH
motility media were compared. This association is more evi-
dent at higher temperatures as the bacteria are known to
have increased running velocity with a high tumbling rate
(Dubay et al. 2022). Interesting to note that the tumbling fre-
quency peaks almost up to 0.4 around 37°C at lower pH,
possibly from an abrupt temperature change (Maeda et al.
1976). When bacteria were exposed to different pH condi-
tions, the displacement and path lengths were significantly
less different. For instance, the pH 8 condition shows the
most statistical differences compared to the other pH levels,
possibly from the increase in intracellular proton concentra-
tion interfering with the torque-generating units and leading
to a strong correlation with path length and displacement
parameters (Maurer et al. 2005).

By comparing each motility performance’s mean and the
variance that should be consistent and varied, we found mo-
tility features that exhibit nonlinear relationships with sur-
rounding environments. In fact, changes in both pH and
temperature will have a compound impact on motility fea-
tures. For example, the angular and running velocities are
expected to vary when the surrounding swimming conditions
change. The other parameters, such as path length and dis-
placement also change as a coupling effect. These complex,
nonlinear relationships of running and tumbling-related
parameters to the surroundings are reasons why we need a
deep learning analysis to find stronger associations and sys-
temically understand the bacteria behavior in our bodies.
Therefore, we selected motility features to be trained for
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Figure 3. Statistics of moving bacterial motility. (a) Running velocity, (b) path length, (c) displacement, (d) angular velocity, and (e) tumbling frequency.
The unpaired t-test and pairwise comparisons were performed and the data showing means and SEM. The representative controllable motility

parameters are shown with *P-value < 0.05.

MotGen, which will interpolate the bacterial motility pattern
under this environmental system.

3.2 Training and validation of generative
adversarial networks

Since training GAN is known to be a difficult process, prone
to common known problems such as mode collapse and gra-
dient vanishing, choosing appropriate model hyperpara-
meters is crucial in training quality. The data input, network
architecture, activation function, and other hyperparameters
were experimentally determined through validation process.
First, our training dataset was labeled with the twelve envi-
ronmental conditions as a context label to perform task-
incremental learning for enhancing training process (de Ven
et al. 2022). Also, unlike seminal studies on bacterial motility
modeling which use simulated data, our approach signifi-
cantly reduced computational efforts and training time by
solely utilizing extracted stochastic quantities from real-data
experiments (Mencattini et al. 2020, Zou et al. 2022). The
GAN training data, collected from real experimental data,
must be evenly distributed to mitigate biases. Supplementary
Figure S1 illustrates the consistent skewed or symmetric
behaviors observed across all environmental conditions
(Dufour et al. 2016, Turner et al. 2016). Subsequently,
MotGen successfully simulates these distributions, validated
against both training and test data, as exemplified by path
length  comparisons  across  temperature  ranges
(Supplementary Fig. S2). The large dataset extracted from
real experiments led to design of multi-layer perceptrons
(MLPs) with higher feature dimensions of the hidden layers
for a larger expressiveness. Also, the latent dimension’s vec-
tor size (=300) was chosen empirically to capture the input
data’s characteristic by comparing the loss function. To en-
hance training quality, we used Rectified Linear unit (ReLU)
activation function instead of conventional sigmoid or hyper-
bolic tangent functions. The batch normalization was applied

for all layers to increase training rate while stabilizing the
training process.

For the validation, we used the standard adversarial loss
function in a Min-Max objective along with the generative
loss, Kullback-Leibler divergence (KLD), and a 3D data plot
of the input and synthesized data. The traditional min-max
loss function refers to the simultaneous optimization of the
probability distribution of the generated data and the real in-
put data, which can be achieved by minimizing the genera-
tor’s loss and maximizing of the discriminator’s loss. Both
generator and discriminator show typical training character-
istic, where the generator loss stabilizes while the discrimina-
tor loss decreases gradually, and approximately converged
around 1.34 around epoch 200 (Fig. 4a).

However, such loss function cannot represent the training
quality as the loss function for the generator is prone for satu-
ration problem and therefore should be monitored with
KLD, which quantifies statistical distance using divergence
scores between two probability distributions (Kullback and
Leibler 1951). When the KLD values decrease, the divergence
between the discriminator and generator also decreases as the
discriminator cannot distinguish the real and simulated data,
and our data shows decrease in KLD values corresponding
with falling discriminator loss (Fig. 4b). The KLD values are
sufficient indicator for typical GAN issues like nonconver-
gence, mode collapse, and diminished gradients but we addi-
tionally checked changes in gradients and saddle points to
confirm the training process of adversarial networks
(Fig. 4b). We tracked a latent variable’s transformation pro-
cess through the repeated generating and adversarial process
to have the desired transforming gradient as the gradients
will not change when mode collapse occurs (Thanh-Tung and
Tran 2020). The KLD values (y-axis) with the number of
epochs (x-axis) and few representative gradient changes were
visualized to show the change in global minimum as training
progressed. Around epoch 200, the global minimum
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Figure 4. MotGen training (a) The evolution of the loss function from the generator and discriminator are shown in blue and orange respectively with the
number of epochs (x-axis). (b) The comparison between KLD (y-axis) values for the number of epochs and gradients of the latent space along the training
process. As training progresses, until the early-stopping point, the KLD values decrease, and the gradients change accordingly. (c) The plot of generated

versus real data of selected motility parameters. The generated data shows a similar data manifold as the blue dot representing the empirical data.

gradient, the KLD values, and the loss function are ideal and
stabilized and considered as early-stopping criteria for the
training model without any GAN training issues (Fig. 4b).

Lastly, we verified our trained model by simultaneously fit-
ting the real experimental data and the generated data by
plotting in 3D space. When appropriately parameterized, the
samples from real data and the samples produced by the
MotGen will be nearly identical. The real data (blue dots)
and the generated data (red dots) are fitted well with each
other confirming that our final model can quantitatively re-
produce the motility parameters of given environmental input
conditions without any common training failure like a
mode collapse (Fig. 4¢). The well-trained generator model for
bacterial motility parameters is used to create a large set of
datasets for predictions using feedback systems and biologi-
cal models.

3.3 Open-loop control system

To verify that our trained model can generate the nonlinear
motility characteristics of given environmental conditions, we
designed an open-loop system with a fixed pH level (pH 5
and 8) and varied temperature levels (Fig. 5a). Through this
experimental setup, we demonstrated how the dynamic rela-
tionships of temperatures govern a specific motility parame-
ter without any feedback system. We observed nonlinear
increase in pH 5 and a linear increase in pH 8, as expected
from the previous characterization result (Fig. 5b). Finally,
we generated bacterial motility data based on conditions of
the open-loop setting. Our well-trained MotGen well cap-
tured the nonlinearity of running velocities in different pH

models. The model also simulated fast convergence of path
length features under both pH conditions. The real experi-
mented data from the open-loop control setup and the simu-
lated data match quite closely and are not significantly
different, suggesting that our generator model is well-trained
to capture substantial bacterial motility behavior under
various conditions and suitable to further investigate the be-
havior of bacterial motility under practical biological experi-
mental setup.

3.4 Microbial immune response prediction based
on the bacterial motility pattern

Bacteria have specific molecular patterns such as lipopolysac-
charides from the outer membrane and flagellin from the fla-
gella that can trigger chronic inflammation by increasing
exposure towards host cells and induce invasion ability
(Chaban et al. 2015). Tumor necrosis factor a (TNF-a) is of-
ten used as indicators of inflammation which is upregulated
in a tumor microenvironment triggering leukocyte activation.
Since the active immune response is directly proportional to
bacterial swimming as a function of flagellar rotation
(Lovewell et al. 2011), we hypothesized that MotGen could
contribute to better prediction of the immune activation pro-
cess using different motility patterns (Fig. 6a).

To investigate the extent of macrophages’ response to bac-
teria with different motility trends, we exposed the tuned-
motile bacteria of four different environmental conditions to
the macrophages and analyzed the cytokine concentrations.
As shown in Fig. 6b, the bacteria-conditioned group exhib-
ited a significant increase compared to the same conditioned
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Figure 5. Open loop control system to predict and verify bacterial motility characteristics. (a) Schematic of open-loop control system. A sample
population of bacteria was analyzed periodically to monitor the motility characteristics while the temperature is increased at a constant rate (0.5°C/min).
(b) The motility behaviors of the increased temperature in an open-loop setting are compared between two different pH conditions: pH 5 (left) and pH 8

(right) and showing means and SEM.

control group. The increase of cytokine release from bacteria
interaction is anticipated. More interestingly, bacteria under
different ranges of pH media consist of different motility pat-
terns and have different impacts on cytokine release.
According to our generated data, the higher the pH level, the
more running and tumbling activities increase, ultimately
stimulating more macrophages. Each bacterium’s different
running and tumbling state is known to have a different fla-
gellar bundle formation that leads to different tumble fre-
quencies and distinct trajectory paths leading to higher
instigation (Horstmann et al. 2017). Also, the bacteria ex-
posed to lower pH levels (pH <7) have shorter path lengths
and running and tumbling velocities, which lead to relatively
moderate cytokine release (Fig. 6b). These motility patterns
are consistent with the analyzed and predicted overall motil-
ity trends in given environments. The cytokine analysis
revealed that different modes of bacteria motile levels with
different tumbling and running patterns can induce different
amounts of pro-inflammatory cytokine, indicating that

contact frequency of immune activators affects cyto-
kine secretion.

Phagocytic events are another indication of immune re-
sponse to microbial invasion as a complementing process
from the contact frequency of microbial and inflammatory
phases. Once the LPS-stimulated macrophages are exposed to
the microbial, the following anti-inflammatory and phago-
cytic process occurs (Fadok et al. 1998). Previous studies
have confirmed that phagocytic cells responded directly to
the flagellar torque of the bacteria and less phagocytosis was
observed in less-active bacteria (Lovewell et al. 2011).
Compared to the samples of a noninfected control, cells ex-
posed to the pH 5 media consisting of low-tumbling bacteria
had fewer phagocytic events than those exposed to the pH 7
media consisting of high-tumbling bacteria. The different lev-
els of phagocytosis from the different tumbling levels of
swimming bacteria are clearly visible by comparing the fluo-
rescent signal intensities of bacteria interior of the macro-
phage cells (Fig. 6¢). Phagocytic activities were calculated
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Figure 6. Response of macrophage cells to MotGen-predicted motility patterned bacteria. (a) Effects of tuned-motile bacteria on immune response by
macrophages. (b) Macrophage response was analyzed using ELISA assay in response to a different mode of bacterial motility. (c) The composite
microscopic images show the activated macrophages after phagocytosis of red fluorescent bacteria. (d) Phagocytic index of macrophages co-incubated

with different pH media of swimming bacteria.

using the mean number of intensities per phagocytic cells
(Barbuddhe et al. 1998). The phagocytic index of the cells co-
incubated with low-motile bacteria samples (2.19 * 1.68)
showed significant differences from those co-incubated with
high-motile bacteria samples (12.5 = 4.66). These inflamma-
tory events indicate that even though not perfectly explained;
there is a clear indication that a distinct motility behavior
results in differences in microbial invasion and thus explains
the different cytokine release. Therefore, we are optimistic
that our model can be utilized for a tunable interaction of
bacteria with host immune factors to better predict
host-based therapeutic approaches to intracellular pathogens.

3.5 Feedback closed-loop control system

A living cell is difficult to control as the system requires high di-
mensionality with full consideration of noise and uncertainty
from many internal and external factors (Dufour et al. 2014).
Nonetheless, the Generative Adversarial Network can mimic
high-order distribution modeling and is often applied to the
control system requiring highly ordered data. Thereby, we can
find the desired operational environmental conditions when the
desired motility parameter is given by fully integrating complex
relations of multiple input parameters to the feedback control
system using the generator model. To this aim, we set the ex-
perimental parameters (pH and temperature levels) as MotGen
predicts the experimental setup in each repeated feedback loop,

and the output motility feature is returned back to the system
for minimizing system errors (Fig. 7a).

The feedback controller begins with the randomly selected
initial motility distributions from the actual experimented
data and tuning towards desired motility values by using the
backpropagation algorithm to obtain a new environmental
condition as a new input for the feedback system. We used
the Adam optimizer function, the most common first-order
gradient-based stochastic optimization, to calculate the gra-
dients for the backpropagation process. We empirically tuned
the hyper-parameter conditions and found the best learning
rate (Ir=1e-5) and weight decay (wd =1e—6). Because the
system will have a slight oscillation, to minimize this error
disturbance, choosing appropriately small step sizes can mini-
mize the cost function effectively. To demonstrate our closed-
loop system, we began with the initial condition of pH 6.0
and 37° motility parameters and set the desired goal for the
directionality parameter to increase by 20% while running
velocity to decrease by 15%. After the process of the back-
propagation algorithm, the inverse Jacobian matrix is used to
return the new temperature and pH values to update for an-
other feedback loop. Each feedback loop’s step size is differ-
ent and chosen empirically because the model follows the
local gradient; e.g. when the step size is too large, the
returned values experience some fluctuations that are out of
our experimental condition range. With the suitable step size
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The error of each iteration was normalized.

values and multiple feedback iterations, the model returned
pH and temperature conditions that are closer to the target
motility values (Fig. 7b). The system error, which is the dif-
ference between the input value and the feedback value, is
returned to the controller. After four iterations, the system er-
ror decreased close to zero.

In conclusion, we successfully demonstrated our quantita-
tive predictive model and the experimental validation in the
feedback control system for accurately predicting and con-
trolling multiple motility parameters. In addition, the fact
that changes in swimming conditions that do not require bac-
terial genetic changes can accurately and predictively alter
bacterial motility characteristics will help further research
into practical applications for controlling bacterial movement
under biological settings in real-time.

4 Conclusion

To date, the diversity of motility behavior studies is increas-
ing, yet the full behavioral diversity has yet to be elucidated.
Because bacterial motility is an important indication of local
environment information, as well as an indication of the en-
tire population, the study on individual and collective behav-
ior of bacterial motility is important. In this paper, we
simultaneously varied pH and temperature to resemble a hu-
man physiological system and characterized E. coli Nissle
motility behaviors. Through the image analysis, we found
that pH and temperature can have independent and com-
pound impacts on certain motility features. The direct com-
parison between quantitatively mapped motility parameters
of each environmental condition was analyzed via machine
learning-driven analysis and modeled using MotGen. By
training the generative model to mimic the distribution of the

bacterial motility parameters, we could independently predict
certain environmental conditions that affect bacterial motility
performance parameters’ mean and variance. Our trained
model was verified using the open-loop control system by
comparing the real and simulated data. The relation between
the controlled-motility bacteria and the immune cells demon-
strates the promising biomedical application of machine
learning-based analysis to living organisms. Finally, predic-
tive and controllable bacteria motility systems are possible
under the different physiological systems via a closed-looped
feedback control system.

Through MotGen, we are optimistic to demonstrate the
possibility of tuning the bacterial motility without altering the
genetic variations and predicting swimming conditions under
physiological systems to enhance the precise motility control
of bacteria for practical biomedical applications. MotGen in-
novatively integrates two pivotal aspects in bioinformatics:
firstly, it utilizes real biological data to inform the design of
the GAN network, ensuring a robust model grounded in ac-
tual biological phenomena that are relevant to physiological
conditions; secondly, it achieves closed-loop control of real bi-
ological systems, enabling an understanding of the intricate
relationships governing bacterial behavior and facilitating ac-
curate predictions of their dynamic responses. Notably, the ef-
fect of multiple external stimuli on motility features was
predictable. Our study on the ecological role of motility
behaviors meets an important avenue for future research that
helps us to utilize bacteria in bioengineering fully.
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