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This useful study examines how the swimming of a lab strain of Escherichia coli changes
under laboratory conditions designed to mimic disordered, porous environments: a
setting that is biologically relevant and less understood than chemotaxis in bulk liquid. By
combining experimental evolution in soft agar, inducible control of run duration,
visualization of flagella, and theoretical modeling, the authors demonstrate that the
optimal mean run duration for migration in semisolid agar is substantially shorter than in
liquid and decreases with increasing agar concentration. The authors provide incomplete
evidence regarding optimal chemotaxis in porous media as emerging through evolution
from tradeoffs that involve newly discovered trapped states.

https://doi.org/10.7554/eLife.110412.1.sa3

Abstract

Active navigation in disordered media depends on a biased random walk interacting with
environmental constraints. Using E. coli chemotactic navigation in agar gels as a model system, we
reveal a fundamental trade-off between diffusive exploration and chemotactic directional bias
that dictates the optimal strategy for population range expansion. Counter-intuitively, evolution
selects for shorter mean run times (7p to achieve faster chemotactic migration in denser
environments. Controlled experiments reveal a non-monotonic relationship between chemotactic
navigation speed and 75, with the optimum shifting according to the density of physical traps in the
gel. Single-cell analysis demonstrates that escape from these traps occurs independently of the
tumbling mechanism, challenging the classical view that reorientation is essential for navigation
in obstructed spaces. Based on these insights, we develop a minimal theoretical model showing
that the optimal 7pemerges from an antagonistic scaling: while the diffusion coefficient increases
with 5 the chemotactic bias coefficient decreases with it. This work establishes a general principle
for optimizing active transport through complex, disordered environments.

Introduction

Bacteria navigate dynamic environments by actively modulating their run-and-tumble motility, a

fundamental mechanism for sensing and responding to chemical gradients, known as
chemotaxis' . This locomotion alternates between directed movement (“runs”), propelled by
rotating flagellar bundles, and stochastic reorientation (“tumbles”), which randomize the cell’s
direction’~!2. By adjusting run duration in response to temporal changes in attractant
concentration, bacterial cells bias their motion to migrate directionally along chemical

gradients>!%712,
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In homogeneous liquid environments, the chemotactic ability (x) of a bacterium is often
proportional to its translational diffusion coefficient (D) 12922, which is intrinsically set by the
mean free runtime, 5 However, in natural habitats such as soil, porous gels, or mucous layers,
bacteria encounter disordered landscapes where physical obstacles act as transient traps.z.fl.‘.%z.
These obstacles confine motility, introducing an external trapping timescale, 7;, that operates
alongside the intrinsic tumbling timescale. While theoretical and experimental studies have
examined how this interplay affects diffusive transport?>2%2%-2%, a critical question remains: how

does it fundamentally shape chemotactic searching and navigation strategies?

Resolving this question is critical because chemotaxis often enables far more effective population
expansion than simple passive diffusion. Bacterial groups can dynamically generate their own
chemoattractant gradients by metabolizing local resources, facilitating coordinated migration and
rapid colonization that outstrips classical growth-diffusion dynamics.1..’.7... This capability confers a
significant evolutionary advantage. Consequently, a central question arises: how do bacteria
optimize their intrinsic motility parameters, such as 7y, to maximize navigation efficiency under
external constraints of a disordered landscape (Fig. S12)? Understanding this adaptive

optimization is key to deciphering microbial ecology and holds promise for applications in
bioremediation and synthetic biology.

In this work, we investigate how bacteria optimize chemotactic navigation in disordered
environments. Through experimental evolution, we identified a density-dependent optimal mean
free run time (T}’pt) that maximizes the population chemotacitc navigation speed. Using a strain

with titratable 7; we demonstrate a non-monotonic relationship between the chemotactic

navigation speed and 7y, where T}’”t shifts according to environmental trap density. Single-cell

tracking reveals that trapping-escaping events are unbiased, with escapes occurring
independently of tumbling. Motivated by this observation, we developed a theoretical model
showing that while prolonged runs enhance diffusion, they paradoxically suppress chemotactic
bias in disordered media. This trade-off between directional bias and diffusive exploration
explains the observed non-monotonic dependence of chemotactic performance on 7 Our findings
elucidate a key adaptive strategy by which bacteria tune their motility, balancing exploration and
trapping to navigate complex environments.

Results

Phenotypic evolution of chemotactic bacteria in agar gels

To understand how chemotactic bacteria adapt to disordered environments, we performed a
spatial evolution experiment selecting for rapid range expansion in E. coli MG1655 populations..3..1..‘
23. We propagated populations on semi-solid agar plates at two concentrations (0.2% and 0.3%),
which modulate the gel’s pore size and density, thereby creating random traps that impede
bacterial motility?f‘.. Bacteria were inoculated at the center of each plate; nutrient consumption
generated self-generated chemoattractant gradients that drove outward migration. After 24 hours
—sufficient for full plate colonization—we transferred cells from the migration front to a fresh

plate, repeating this selection process over 40 cycles (~500 generations) (Fig. 1a@).

We quantified the chemotactic navigation by imaging the expansion front, which advanced
linearly with time. Over successive cycles, evolved populations at both agar concentrations
exhibited a progressive increase in chemotactic navigation (Fig. 1b ). Crucially, the growth rate
of the evolving populations, measured every 5 cycles, remained constant throughout the
experiment (see Methods®@ and Fig. S2a (@). Given that chemotactic navigation is governed by the
chemotaxis coefficient (x) when growth rate is unchanged., these results indicate that selection

specifically enhanced chemotactic performance in these obstructed environments.

To identify the mechanistic basis of this adaptation, we analyzed single-cell trajectories of evolved
populations using a customized tracking platform®'%.!%22, This revealed agar concentration-
dependent shifts in motility parameters. Cells evolved in higher-concentration agar (0.3%)
exhibited a shorter mean free run time (rf) and mean free run length compared to those evolved at
0.2% (Fig. 2c @, Fig. S2b(®). Notably, the tumble duration (z;y,;,) and mean run speed (v,)
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Figure.1. Phenotypic evolution of bacterial chemotaxis in disordered landscapes.

(a) Schematic of the experimental evolution protocol for selecting rapid chemotactic navigation in semi-solid agar gels. (b)
Chemotactic navigation of the evolving populations as a function of selection cycle for the two agar concentrations. (c) The
average intrinsic free run time 75 of evolved populations, measured in liquid medium, converges to distinct, agar
concentration-dependent values. Populations evolved in denser gels (0.3% agar) adapt a shorter optimal T
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lengths, and tumble durations, retained Poisson-distributed dynamics after 40 evolutionary cycles
(Fig. S3a-c@). Meanwhile, tumble bias and run speed exhibited unimodal distributions after

Together, these findings demonstrate that adaptation to disordered landscapes involves the
precise modulation of the intrinsic run time, 7 This evolutionary tuning optimizes motility by
balancing the exploratory benefit of long runs against the increased risk of trapping. This raises a
central question: how does environmental trap density mechanistically define the optimal mean
free run time for efficient chemotactic navigation?

Non-monotonic dependence of chemotactic navigation on run
time

The evolutionary tuning of 7y suggests the existence of an optimal free runtime T}”’t for bacterial

chemotactic navigation in disordered landscapes. To test this hypothesis, we used a 7titratable
strain in which 7yincreases linearly with the logarithm of the external inducer (aTc) concentration
(Fig. 2a @ & Methods (). Using this strain, we measured the population chemotactic navigation
(Vp in agar gels of 0.2% and 0.3%. We observed a pronounced non-monotonic dependence of V,
on 7¢ the speed initially increased with longer run times but declined after surpassing a distinct
optimum T;pt (Fig.2b ). This non-monotonic dependence implies a fundamental trade-off: while

prolonged runs enhance diffusion exploration and gradient sensing in open environments, they
concurrently increase the probability of becoming trapped in a disordered landscape that
penetrates chemotactic navigation.

Critically, the value of T;pt is itself dependent on the properties of the environment. Competition
assays revealed that in denser agar (0.3%), T;p " shifts to a significantly smaller value than in softer

(0.2%) agar (Fig. S43).

This inverse relationship between T;pt and gel density allowed strains with T;pt values closer to the

environment-specific T}’pt to gain a selective advantage during range expansion. These results are

Bacterial motion within random traps

To elucidate bacterial navigation in porous hydrogels, we sought to distinguish intrinsic
behavioral states—running and tumbling—from extrinsic immobilization caused by physical
confinement (trapping). In E. coli, running is driven by the rotation of a bundled flagellar motor,
while tumbling is triggered by flagellar unbundling. We hypothesized that a third state exists: cells
with bundled flagella that are physically arrested by the gel matrix. To differentiate these states,
we employed an E. coli strain with modified FliC proteins, enabling specific fluorescent labeling of

Using high-resolution time-lapse fluorescence microscopy, we simultaneously tracked flagellar
dynamics and cellular trajectories (Fig. 3b 2, Movies S1 & and S2#). A custom machine-learning
pipeline, based on the YOLOVS5 architecture, was trained to automatically classify flagellar

bundled state in agar, contrasting with the unimodal distribution in liquid. A new peak emerged
near zero velocity, corresponding to cells with active, bundled flagella whose motion was
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Figure 2. Non-monotonic navigation speed reveals an optimal run time.

(a) Design and validation of the Trtitratable strain. Left: Genetic circuit for anhydrotetracycline (aTc)-inducible control of chez
expression. Right: The mean free run time (rf) of the engineered strain increases linearly with the logarithm of the aTc
concentration. (dashed red line is the linear fit). More than 8000 cells were tracked at each aTc concentration, the standard
error of the mean (SEM) of rfis smaller than marker size in all conditions. (b) Chemotactic navigation exhibits a non-
monotonic dependence on the intrinsic free run time. Three replicates were performed for each condition with error smaller
than marker size. The optimal free run time that maximizes chemotactic navigation is larger in 0.3% agar than in 0.2% agar.
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Figure 3. Single-cell analysis of bacterial motility.

(a) Fluorescent labeling of bacterial flagella is achieved by incorporating an unnatural amino acid (UAA) into the FliC protein,
followed by conjugation with AFDye-tetrazine, enables visualization of flagellar structure and dynamics. (b) Representative
fluorescence time-laps micrograph of an E coli cell embedded in a 0.2% agar gel, showing three distinct behavioral states:
Run (cell in motion with bundled flagella); Trap (cell stopped with bundled flagella); Tumble (cell stopped with split flagella).
(c) Left: Representative image frames with cells automatically identified and classified as having bundled or split flagella
using an in-house trained YOLOV5 detection model. Right: Cells were tracked across frames to reconstruct trajectories, and
velocities were calculated and annotated with corresponding flagellar states. The normalized swimming speed (normalized to
the 95th percentile speed of each individual trajectory) is displayed as probability density distributions for each flagellar
configuration: bundled (running or trapped) and split (tumbling), in both liquid medium (red curves) and in 0.2% agar gel
(blue curves), revealing distinct motility dynamics across environments. (d) Probability density functions (PDF) of
reorientation angles following tumbling (red) and trapping (blue) events in agar (see Methods (2).
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flagellar morphology classification with a dual Gaussian distribution model to differentiate
between states, we resolved three distinct motility states within individual trajectories: running,
tumbling, and trapping (Fig. S5a @).

We next investigated the kinetics of these states. Run and tumble durations followed exponential
distributions, consistent with memoryless, intrinsic stochastic processes. In stark contrast,
trapping durations exhibited a stretched exponential distribution with a heavy tail (Fig. S5b (%),
indicating heterogeneous escape kinetics governed by variations in local pore geometry. To
determine the escape mechanism from traps, we analyzed over 9,000 run-trap-run transitions.
Only 295 of these escapes (<3%) were associated with a tumble event, demonstrating that tumbling
is not the primary escape mechanism. We quantified directional persistence by measuring the
angular change between the incoming and outgoing run directions. While post-tumble

reorientation angles were uniformly distributed, angles following trap release showed a strong

This pronounced asymmetry reveals that the agar gel does not function as a rigid barrier. Instead,
bacteria appear to navigate around or through transient, deformable traps without significantly
altering their heading or relying on tumbling to execute detours. This observation challenges the
classical view— supported by studies in rigid polymer environments—that bacteria primarily rely
on tumbling to escape confinement and reorient?>2%7%. Consequently, our findings redefine the
role of tumbling in confined landscapes: rather than serving as an essential escape mechanism,
tumbling appears to play a more nuanced role in the broader chemotactic strategy within
disordered environments.

Modeling bacterial chemotaxis in disordered landscapes

Informed by our single-cell characterization of trapping and tumbling events (Fig.3 @ & Fig. S5&),
we model bacterial motility in disordered landscapes as a combination of two independent

process is governed by switching rates A,, (run to tumble) and A, (tumble to run), which define the
mean free run time 7¢= 1/A,; and the mean tumble duration 7y, = 1/A;. . Simultaneously, the
extrinsic run-trap process interrupt runs at a rate ry; (7; = 1/r,, mean runtime between traps) and
detain cells for a mean trapping time 7, = 1/ry. The effective duration of an uninterrupted run in
the gel, 7, is thus determined by the combined probability of intrinsic tumbling and extrinsic
trapping: 7r = (7’;1 + T[1>_1.

Assuming, for simplicity, uniform reorientation angles for both tumbling and trapping events, the

v} TR
2 TptTs’

diffusion coefficient D in a 1D system is given by: D = where v, is the run speed and g is

-1
the mean stop time, Ts = Pypp-Temp + Perp-Terp, With probabilities Pinp = 7;1 (Tf’ 1y Tt’l) and Py

-1 . o . ) .
=7t (7-/*1 + 7-;1) . For a fixed trapping time 7,,, at a given agar concentration, this model

model alone cannot explain the non-monotonic behavior observed in our experiments, in contrast

to previous models that proposed tumbling as a mechanism for bacteria to escape traps 2->%32,

To elucidate the non-monotonic relationship between chemotactic navigation speed (x) and mean
free runtime (79, we introduced biased runs to model chemotaxis in agar gels. Cells extend their
runs when moving up gradients (r;r ) and shorten them when moving down (7, ) (Fig. 4c(2).
assume runtime deviation (67 is proportional to mean free runtime: 7, = Tjjr —Tf=ETpT

= aG'Ty, where a is a constant representing the strength of the internal chemotactic response and

G denotes the external chemoattractant gradient. The effective free runtimes in gradient-aligned
Tfin

(+) directions becomes 77 =

TET "
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Figure 4. A minimal model reveals a diffusion-bias trade-off.

(a) Schematic of the stochastic model combining intrinsic run-and-tumble dynamics with extrinsic trapping by the
environment. (b) Predicted diffusion coefficient D as a function of the intrinsic mean free run time tffor different mean trap
intervals 7. In the absence of a chemo-attractant gradient, D increases monotonically with ¢ but is suppressed as the trap
density increases (red line: low trap concentration, 7, = 0.6s ; blue line: high trap concentration, 7, = 0.2s). (c) Modeling

chemotaxis: cells extend runs (7'f+) when moving up a gradient (blue) and shorten them (rf
creating a directional bias. (d) The bias coefficient, representing the deviation of free run durations, decreases with mean free
runtime y. (e) the product of the diffusion coefficient and the bias coefficient yields the chemotactic ability x, which exhibits a

non-monotonic dependence on the mean free runtime . (f) Heatmap of chemotaxis ability y in the (Tf,l't) parameter space.

) when moving down (red),

The optimal mean free runtime T;pt as a function of 7, is shown as a red line. The external gradient G was assumed to be Tym’

T for simplicity.
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aGrr}? _ ﬁTQ
(rp47)* 'R

This asymmetry generates a drift velocity: V; = %, where §tp = (T4 —77) &

ability y can be decomposed into the product of a diffusion coefficient D and a bias coefficient B: y
=D-B,where B= & ~ =2

VTR VoTy :

Analytically, this optimum scales with the environmental trapping time: r;p b= ﬁn (Fig.
4f 2 & method &@).

This scaling explains why the evolved 7y decreases with agar concentrations (Fig. 2c(%). A phase

diagram of (7, 7p highlights r}’pt (Fig. 4f2), underscoring how environmental constraints shape

evolutionary tuning of motility. The observed non-monotonic navigation efficiency thus emerges
from a fundamental competition between enhanced diffusion and diminished bias with increasing
7. This trade-off defines an adaptive optimum, enabling bacteria to balance exploration and
directional sensing in disordered landscapes—a principle that is generalizable to microbial
navigation in a wide range of heterogeneous environments.

While this simplified model successfully captures the core trade-off for optimal chemotactic
navigation, we also constructed a more rigorous framework incorporating detailed chemotaxis
signaling dynamics’.:1/:2%422 This model integrates the adaptation dynamics of chemoreceptor

free energy with the kinetics of CheY-P concentration and motor rotation, using experimentally

as: 0tp ~ — = m, where 7 is adaptation time of bacterial chemotaxis signaling systems,

7' ro = OpTR (Fy) reflects sensitivity to chemoattractant gradient, F, is the baseline signaling
state?%*%, Numerical simulations confirm the chemotactic navigation speed retains its non-

model, the chemotaxis bias (B) decreases with 7racross biologically relevant regimes, though weak
gradient sensing at very low Tpcan introduce a secondary non-monotonic trend.

The non-monotonicity of chemotaxis ability y can be understood intuitively by considering two
asymptotic limits. For long 7; (7<), runs are primarily terminated by tumbles (Py, < Pgpp). The
bias coefficient B approximates its value in a homogeneous liquid, but the short Tf severely limits
the effective run time 75 and thus the diffusion coefficient D, constraining overall performance.
For short 7; (77> 7,), runs are overwhelmingly interrupted by traps (P, > Pyyp), which impart no
directional bias. Consequently, the bias coefficient B— now dominated by rare tumbling events—
becomes negligible. Cells thus achieve a high diffusion coefficient but an insignificant drift
velocity, rendering them unable to climb gradients effectively.

Discussion

In this study, we demonstrate that bacterial populations evolving under selection for rapid
chemotactic navigation in agar gels adapt by tuning their mean free runtime (zp, with distinct
optimal values (T;pt) emerging for different environmental constraints. Using a 7gtitratable strain,

we validated that this evolutionary outcome arises from a non-monotonic relationship between

the chemotactic navigation speed and 7y, where T;pt represents a trade-off between diffusion

exploration and preserved directional bias. Single-cell tracking with flagellar visualization
characterized the bacterial run, trap, and tumble states and revealed that bacteria primarily
escape confinement without tumbling or reorientation. By modeling chemotactic navigation as a
competition between intrinsic run-tumble and extrinsic run-trap processes, we showed that the
non-monotonic chemotaxis ability (x), emerges from the antagonistic scaling of the diffusion
coefficient (D) and the chemotactic bias coefficient (B) with 7.
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Our findings extend the understanding of bacterial navigation in porous media by examining soft
and compliant gels. Whereas studies in rigid hydrogels have highlighted “trapping-hopping” mode
that may require active reorientation 24222, our work in softer agar gels reveals that tumbling is
not a primary escape strategy>>->>2, but is instead essential for to generating chemotactic bias.
This discrepancy likely stems from material differences: the flexible, transient nature of agar
pores permits passive escape via mechanical yielding, whereas rigid environments may

necessitate active reorientation to escape immutable traps.

Our work underscores a fundamental distinction between active and passive particles. Passive
systems obey linear fluctuation-dissipation relations (V, « D), whereas active particles like
bacteria can exhibit a non-monotonic relationship between drift velocity and diffusion coefficient.
This is a direct consequence of the internal regulation of motility parameters in response to
external cues. In contrast, a passive modification of bias, such as by applying an external force G,
would yield a monotonic dependence, Vj « G.

By integrating evolutionary adaptation, single-cell biophysics, and theoretical modeling, we
elucidate how bacteria optimize motility parameters to navigate disordered landscapes. Our
findings advance the understanding of microbial ecology in porous media (e.g., soils, biofilms) and
inform the design of bioengineered system&7..’§’§9.‘§%. Future work could explore how trap geometry

and material elasticity modulate 7%, and whether similar principle governs navigation in

complex in vivo environments like mucosal layers or tumor microenvironments.
Materials and Methods

Evolution protocol

Exponentially growing E. coli cells MG1655 (ancestor) were inoculated at the center of tryptone
medium agar plate with 2different agar concentrations (0.2%, 0.3%). After 24 hour incubation at
37 °C, bacteria colonized the entire plate. 2 ul cell-agar mixture was taken at the edge of the plate
(25mm away from the center) and were inoculated at the center of a fresh plate of the same agar
concentration. The cycle was repeated for more than 40 times. After each 10 cycles, evolved strains
are saved in glycerol stocks. And the motion of the strains are tracked under microscope.

Quantification of bacterial motion in liquid

To quantify the phenotypic variation during the evolution process, evolved bacteria are cultured
in tryptone broth and then tracked under microscope with 10X phase contrast object. The tracks
were then separated into run stat and tumble stat by a clustering in 3 dimensions (speed,
acceleration, and angular velocity) 18 more than 10,000 cells were tracked in each case, so that the
statistics is creditable. The distributions and the cellular averaged values of the run time, run

length, tumble times, mean speed, mean run speed are then calculated and plotted in Fig. S22 &

Chemotactic navigation and competition with CheZ titration
strains

we use a synthetic strain that the free runtime is titrated by the expression level of CheZ protein.
The titration of CheZ protein was released by introducing negative feedback gene circuit of ptet-
tetR or plac-lacl to replace the original promotor of cheZ genes on chromosome as in reference?. In
these engineered strains, CheZ expression is controlled by externally added inducers (e.g., aTc for
the ptet-tetR system and IPTG for the plac-lacI system), allowing fine-tuned titration of CheZ levels.

To assess the chemotactic performance of this run-time-tunable strain, semisolid agar plates were
prepared with varying concentrations of the appropriate inducer (aTc or IPTG) uniformly mixed
into the agar. Identical initial cell densities of the strain were inoculated at the center of each plate
to ensure consistent and comparable conditions. Bacterial chemotactic navigation was monitored
over time using time-lapse camera imaging, and the chemotactic navigation was quantified by
tracking the outward movement of the colony edge.
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Quantification of bacterial motion in soft agar

To understand how bacteria interact with soft agar, bacteria motions were tracked in agar gels. We

strain was then cultured in M9 glycerol medium to exponential growing phase, and then was
mixed with the prewarmed soft agar medium with corresponding concentration so that the final
ODg(o was 0.04-0.06. 5 ul of this mixture was then dripped on a slide and was sealed by a cover
glass. This sample was freezed in 4 °C for 5mins so that the agar solution was congealed. And then
was rewarmed in 37 °C for 3mins to reactivate the bacteria before they are tracked under
microscope with 60X fluorescent object. So that the flagella conformation was filmed with its
position.

Using an algorithm based on YOLO v5, the images of flagella conformation were clustered into 2
stats: bundled or split. With the position of each time point of acquisition, we get the instantaneous
velocity. With this information the bacterial motion in agar gel were classified into 3 stats, where
run stats with bundled flagella and high velocity; tumble stat with split flagella and low velocity;
trap stat with bundled flagella and low velocity.

After identifying the swimming states of bacterial motion, we determined the run time, tumble
time, and trap time for each cell in agar gel by counting consecutive segments classified as
running, tumbling, or trapped. Cells with short trajectory durations (<5s) or maximal
displacements smaller than one flagellar length (< 10 pym) were excluded from the analysis, as they
likely represent out-of-focus tracks or tethered cells that do not contribute meaningfully to
bacterial chemotactic navigation dynamics.

To quantify reorientation during trapping and tumbling events, we segmented trajectories into
distinct motifs: run-trap-run, run-tumble-run, and run-traptumble-run. A comparison of the
frequencies of run-trap-run versus run-traptumble-run events revealed that cells typically escape
traps without resorting to tumbling. The swimming direction of each run was defined by the
vector from its start to end position. The reorientation angle was then computed as the angular
difference between the directions of the runs immediately preceding and following each trap or
tumble event.

Minimal model of bacterial chemotaxis in disordered landscape

We assume that bacteria control its intrinsic free runtime 7; by adding or deducting a portion a
when going up or down the chemoattractant gradient 7, = 77 & d7, with 877 = az;. Although
simple, this assumption captures the principle of the bacterial chemotaxis strategy. This
assumption approximates the more realistic model integrating bacterial chemotaxis pathway. As
the biasing factor is small, we can use a Taylor expansion to get the biased effective mean run time
of the run-tumble particle:

2aGTT2
0Tp = ‘Ti —TR| ~ 017 - OTR/OT = SbeackE LN
. (11 +75)°

TH—TR
T;JrTR +275
Uy is the run speed, d is the dimension factor and 7g = PyupTimp + PorpTirp =

lfTE
+ 1/m+1/7E Tirp

trapping time Py Ty -

OTR

Following this framework, the drift velocity V,; is defined as: V; = = P

, Where

Y
~—d
/7 T
1/r+1/18 tmb

defines the mean stop time contributed by weighted tumble time Py, T,p and

Subscribing the 75,7587 from the model, the drift velocity then simplifies to:

Vo aGrT}
Vd ~ —
d (11T + TETtmb + TrTerp) (T1 + TE)

Plotting this drift velocity, we observe non-monotonic dependent on the intrinsic property 7 at
given disordered environment defined by 7,7, and at fixed tumble time 7¢,j,.
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Complete model with bacterial chemotaxis pathway

The free energy of the receptor then determines the CheY-P concentration Yp(t) by Yp (¢) = ﬁ

the switching rate of the bacteria from run stat to tumble stat A,; and from tumble stat to run stat
9 g (_YpoF) g g (_Yp(F)
Ay Writes Ay, = we (F-%( ypm)“«))))\tr = we+(r7(w)), where w,g K are experimentally measured

constants that describe the motor Kkinetics.

The bacterial receptor’s free energy was adapted to an intrinsic value F,

dF 1
Ta

The run time in agar gel writes:

with

(#-4(m))
e\4 2\ atk4eF)

Tf = o

At shallow gradient limit where F is close to its steady stat value Fj, one may get:

_ 27'/ROGN’U0
T —T, = — ——
R R 1,1
(++%)
The drift velocity writes:
vo Tp—Tg _ NuiG  1'mg TRO

Vi=— ~
d d 271Ro + 2750 d (1—|—%) TRo + TS0

These results confirms that the optimal navigation strategy of bacteria on disordered landscape
requires a match between the innate free runtime 7yand the mean free runtime between traps 7.
Cells with smaller Tf didn’t use up all the free space that the environment allows it; Cells with
larger 77 has almost the same same runtime whether go up or down the gradient as they are
trapped to a smaller free runtime defined by 7. This effect was more clearly illustrated by the
response curve of 7z,(F) as the climbing or sliding gradient modifies the internal free energy F by
alinear manner.
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Supplementary figures

Optimal chemotactic migration speed, V4 ?

Tumble

chemo-attractant ____———"7] Agar polymer Traps

Figure S1.Schematic illustration of bacterial chemotaxis in a porous agar gel environment. This diagram
depicts the movement of E coli through a network of pores in agar gel, highlighting the three primary behavioral
states: run (straight swimming with bundled flagella), tumble (reorientation via flagellar unbundling), and trap (a
newly identified state where cells become temporarily immobilized due to physical confinement). The mean run
duration between successive tumbles (rf) and mean run duration between successive traps (t;) are indicated by
red arrows, representing key parameters governing motility dynamics. The orange lines represent the pore
structure of the gel, while the gray background denote chemoattractant gradients. This spatially constrained
environment imposes selective pressures on motility strategies of bacterial and raises questions on the optimal

chemotactic navigation strategy to maximize the chemotactic navigation V, in porous agar gel.
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Figure S2. Evolutionary dynamics of motility and growth parameters in liquid culture across selection
cycles.

Time courses of key phenotypic traits as measured in evolved E. coli populations over 40 selection cycles under two agar
concentrations (0.2% and 0.3%). (a) Growth rates remain stable throughout the selection process, where error bars represent
std of 3 independent measurements. (b) Mean run length declines slightly in the 0.3% agar line. (c, d) Tumble duration and
mean run speed are maintained at a consistent level across cycles. (e) Tumble bias increases steadily in the 0.3% agar line,
while remaining relatively constant in the 0.2% line. Motility related data represent averages from more than 4,800 individual
cell tracks and over 100,000 run or tumble events per condition, with standard errors of the mean (SEM) smaller than the
symbol size.
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Figure S3. Distributions of key motility parameters in evolved strains compared to the ancestral
population.

Probability density functions (PDFs) depict five fundamental motility traits measured for the ancestral strain (black lines) and
two independently evolved lines selected under 0.2% (blue lines) and 0.3% (red lines) agar concentrations, with data collected
from over 100,000 run or tumble events per condition. Panels (a-c) illustrate that distributions of run times, run lengths, and
tumble durations all exhibit approximately exponential decay across all strains, indicating consistent stochastic processes
underlying these traits. In contrast, panels (d) and (e) show that tumble bias and mean run speed are unimodally distributed,
suggesting selective pressures lead to more uniform adaptations in these parameters

Run Time Run Length Tumble Duration
a 400 b oo ) € 10
(T (TN L
Qo 0 o) -5 e 0
a 10 a 10 o 10
[ A
107 1070 107
0 5 10 15 0 100 200 0 5
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Figure S4. Competitive fitness assay reveals environment-dependent selection of optimal run duration (rf).

(a) Schematic representation of two genetically engineered E. coli strains, each with distinct inducible control over the mean
run duration (Tf), achieved via independent expression of CheY from the tetR and lacl systems using aTc and iPTG,
respectively. The strains are fluorescently labeled (green and red) for spatial tracking during competition. (b,c) Competitive
range expansion assays on 0.2% agar (b) and 0.3% agar (c), where both strains were co-inoculated at equal initial density and
allowed to expand overnight at 37 °C. Fluorescence imaging reveals the spatial distribution of each strain across the
expanding colony. On 0.2% agar (b) the green one dominates the outer edge of the colony, indicating superior dispersal in
less confined environments. In contrast, on 0.3% agar (c), this red strain is enriched toward the center expands outward,
demonstrating that shorter run durations are favored under higher physical confinement.
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Figure S5. Motility behavior of E. coli in agar gel.

(a) Representative trajectory of a single bacterial cell moving through a 0.2% agar gel, with automatically detected behavioral
states annotated: runs (blue line), tumbles (red dots), and traps (green dots). The trajectory reveals frequent reorientations
and prolonged pauses indicative of physical confinement and interaction with the gel matrix. (b) Probability density functions
(PDFs) of the duration for run, tumble, and trap events in 0.2% agar gel, showing distinct temporal signatures. Runs exhibit a
broad exponential decay, consistent with stochastic motility, while tumbles are brief and sharply peaked. Trap durations are
longer and more variable, reflecting transient immobilization due to pore entrapment.
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Figure S6. Prediction of the model with complete chemotaxis pathway.

Simulations incorporating the full bacterial chemotaxis network reveal how key motility metrics depend on the mean trap
intervals 7, and intrinsic run duration T (a) Effective drift velocity in a chemoattractant gradient peak at intermediate values
of 7 with optimal chemotaxis occurring when t¢is tuned relative to t(black line). (b) Contour plot of chemotactic ability (x)
across a range of 7yand t,, revealing an increasing trend of T}”'t over T;. This predicted dependence decreases with agar

concentration, in quantitative agreement with experimentally observed behavioral (Fig. 1c@ and Fig. 2b(®).
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Peer reviews
Reviewer #1 (Public review):

In this manuscript, the authors study optimal chemotactic navigation of bacteria in
disordered environments. Most previous work has studied bacterial chemotaxis in free
liquid, but navigation in obstructed environments is gaining more attention. Here, the
authors first used the classic swim plate assay to select E. coli for chemotaxis in soft agar at
two agar concentrations. In the higher concentration, they observed that the population's
migration speed increased and the mean run duration decreased over selection cycles.
Importantly, the growth rate did not change, so the change in migration speed was due to
improved chemotaxis. Then, using a strain in which they could control the mean run
duration with an inducible promoter, they measured population migration speed as a
function of mean run duration, observing a peak. In liquid, theory predicts a peak when the
run duration is comparable to the time scale of rotational diffusion. Here, the peak is at a
much shorter run duration, and the optimal run duration decreased with agar concentration.
A key feature in previous studies of bacterial motion in obstructed environments has been
the dynamics of cell trapping and escape via tumbling. By directly visualizing the flagella in
single cells, the authors found that the majority of trap events in semisolid agar did not end
with a tumble. This is important because it means that the peak in the migration speed has a
different origin from the peak typically seen in the diffusion coefficient, which is due to a
balance between longer runs and less time spent trapped. Instead, using a minimal
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theoretical model, the authors argue that the peak in the migration speed is due to a balance
between longer runs, which improve chemotaxis, and having those runs terminate with a
tumble rather than a trap event, because runs that end with trapping do not result in up-
gradient bias. Qualitatively similar behavior is seen in simulations of a more complex model
of chemotaxis.

Overall, we find the results to be significant and the evidence to be strong. We have some
comments, which the authors need to address to improve/clarify their work:

(1) The authors' model predicts that, because cells spontaneously escape traps without
tumbling, the diffusion coefficient should depend monotonically on mean run length even
though the chemotaxis coefficient is non-monotonic. It would strengthen the paper if the
authors could show this to be true in experiments. Part of the reason for this comment is that
the flagella labeling experiments were done in agar that was rapidly cooled in a freezer and
then thawed, whereas the migration experiments were performed in agar cooled at room
temperature. Our (anecdotal) understanding is that the cooling rate dramatically affects the
properties of the agar mesh. Verifying that diffusivity is monotonic in mean run length would
therefore show that cells' spontaneous escape from traps is not an artifact of the cooling
protocol.

(2) Two agar densities were used in their study (0.2%, 0.3%). As shown in Figure 1, while cells
in the 0.3% agar showed significant improvements during the directed evolutionary
experiments, the cells in 0.2% agar didn't. Correspondingly, the evolved average run time did
not show significant changes in the 0.2% agar, but it decreased in the 0.3% agar. What is the
reason for this difference? Does it mean the cells are already optimized for the 0.2% agar
medium?

(3) Related to the previous comment, the comparison between Figure 1 and Figure 2 should
be made clearer. In Figure 2, a peak performance at an intermediate run time is shown, with
the optimal run time decreasing with the agar density. Qualitatively, this result, i.e., the
existence of the peak performance, gives the evolution experiments shown in Figure 1 a nice
explanation. However, quantitatively, the run times shown in Figures 1 and 2 are quite
different. For example, for the 0.3% agar case, the change of run time decreases from ~0.6sec.
in cycle-1 to ~0.4sec in cycle-40. However, in Figure 2, the optimal run time is ~0.9sec., which
means that the migration speed would decrease if the run time is decreased from 0.6sec to
0.4sec. We understand this may only be considered as a qualitative result. However, it does
raise the question of what the molecular mechanisms are that drive the directed evolution,
which the authors should address.

(4) In Figure 3B, the distributions of speed in different media (liquid versus agar) for cells
with bundled and split flagella are shown. While the distribution for the bundled flagella
shows nicely the emergence of the trapped state (peak near zero speed), the distribution for
the split flagella shows a significant shift of the distribution. Does this mean the agar medium
also changes the tumble state significantly? In fact, we are puzzled by the observation that in
bulk liquid, the run speed distribution for cells with split flagella seems to be quite similar to
that of cells with bundled flagella, which might indicate problems in determining run speed.

(5) Finally, none of the points plotted have error bars. Error bars would allow the readers to
evaluate i) whether the changes in mean run speed during selection are significantly resolved
and ii) whether the peaks in the migration speeds are significantly resolved.

https://doi.org/10.7554/eLife.110412.1.sa2

Reviewer #2 (Public review):

Summary:
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The manuscript by Bai and colleagues investigates how Escherichia coli navigates and
explores agar gels through chemotaxis and what parameters of bacterial swimming are
tuned under selection pressure for rapid migration (i.e., reaching the edge of the agar plate
quickly). Prior studies have examined related questions to a substantial degree. Examples
include "Migration of Chemotactic Bacteria in Soft Agar: Role of Gel Concentration”
(https://pmc.nchi.nlm.nih.gov/articles/PMC3145277 %) and numerous other studies in this area
(e.g., "Migration of bacteria in semi-solid agar"
https://www.pnas.org/doi/10.1073/pnas.86.18.6973 2). From such studies has emerged the
paradigm/model that reorientation (i.e., tumbling) is essential when bacteria navigate agar,
which is considered a model for "complex" environments, because run-only bacteria become
trapped in the agar matrix and are unable to migrate far. This new manuscript provides
some evidence that this paradigm may be overly simplified or incomplete. As I understand it,
the authors propose that migration is influenced to a greater extent by bias in the
chemotactic run, where runs up attractant gradients are longer. The authors incorporate
these data into a new model for chemotactic navigation and claim that this work establishes a
general principle for how bacteria optimize active transport through complex environments.

I'will first note to the editor and authors that I am not qualified to assess the detailed
mathematics of the model, and my review therefore focuses on the biology and phenotypes
described. Nevertheless, in my view, this manuscript, in its current form, has several
important limitations. For each point, I provide suggestions for additional experiments that
could strengthen the rigor of the work and clarify the claims.

Strengths:

A strength of this work is the use of microscopy and automated methods to characterize an
extremely large number of bacterial cells, which strengthens the authors' claims. However,
substantially greater detail on these approaches is needed for the analysis to be reproducible
and to allow verification that the analyses were performed correctly.

Weaknesses:
Major concerns

(1) Claims are overly broad, and the experimental system is too artificial to support general
conclusions about bacteria, chemotaxis, or evolution.

E. coli MG1655 is a longstanding model organism in the chemotaxis field, and agar
chemotaxis assays are also widely used. However, the authors make very broad claims about
how phenotypic changes observed during selection in 0.2% or 0.3% agar relate to bacterial
chemotaxis and evolution more generally. In essence, the experimental foundation on which
the authors build a complex theoretical framework is limited to a domesticated laboratory
strain of E. coli and a highly artificial environment consisting of agar in a Petri dish. Although
E. coli is well studied, its motility and taxis behaviors are not necessarily representative of
bacteria across nature. In addition, natural environments are dynamic, and bacteria rarely
experience stable gradients for extended periods, such as the 24-hour time-frame used here.
The authors have also only focused on responses to attractant gradients with undefined
complex growth media, and not assessed if this is also true for repellent gradients. This is
important to consider because E. coli also generates repellent gradients (indole) that are not
considered here. E. coli also generates AI-2, sensed as an attractant, that would be an
opposing force for migration. For these reasons, it is not clear that the data and theory
presented here generalize to diverse bacterial species, to natural environments, or to
chemotaxis broadly.

The authors should acknowledge that further work is needed to generalise their findings by
testing additional organisms, such as non-laboratory E. coli isolates, other enteric bacteria,
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and species with fundamentally different motility systems (e.g., Campylobacter jejuni).
Further work could also expand beyond agar by examining chemotaxis in a biological matrix
such as mucin, as well as testing responses to defined attractants and repellents.

(2) No genetic component is identified, so claims about evolution are not supported.

Evolution requires heritable genetic changes that produce phenotypes advantageous under a
given selection pressure. The authors state that bacteria were selected for rapid migration
and that this selection produced progressively more efficient migrators. However, no
sequencing analyses of the evolved isolates were performed, no genetic changes were
identified, and no mechanism underlying this phenotypic shift was described. Without
identifying genetic alterations, they cannot substantiate the claim that evolution occurred.
Whole-genome sequencing of the evolved isolates is necessary to determine whether specific
mutations underlie the observed phenotypes.

(3) The predictive power of the model is not tested.

The authors develop a model with post-dictive capability, meaning the model reproduces
behaviors similar to those observed in the data used to construct it. However, the manuscript
does not demonstrate that the model has predictive power. Demonstrating predictive
performance would substantially increase the value of the model. For example, the authors
could perform an additional round of selection and predict the resulting bacterial behavior
under a condition not used during model construction (such as a different agar concentration
or predicting the behavior of different bacteria). Otherwise, the authors should tone down
the claims.

(4) Limited novelty and impact of the environmental difference studied.

A central point of the manuscript is the difference between evolution in 0.2% versus 0.3%
agar and how this difference relates to the proposed model. However, this represents a
relatively minor change in the environment experienced by the bacteria. Developing an
extensive theoretical framework and proposing that bacterial evolution is highly sensitive to
these parameters based on this narrow experimental system may be premature. This would
be addressed by the suggested broadening of experiments described above.

(5) The manuscript is too brief, and some data and methods are insufficiently described,
particularly related to the machine learning analysis.

The manuscript addresses a complex topic, yet the main text, methods, and figures are very
brief, which need not be the case. As a result, it is often difficult to understand exactly what
was done and how the data support the authors' claims. More detailed descriptions of the
experimental approaches and analyses are necessary.

One example is the machine learning approach used for cell tracking. This method is only
briefly described, and no validation data are presented that would allow readers to evaluate
whether the approach performs accurately. If the method is robust, it would be a powerful
analytical tool, but the current description does not provide sufficient information to
evaluate the reliability of the results. This issue is particularly important because the authors
conclude that tumbles account for less than 3% of escape events, which contrasts with
previous paradigms. Automated tracking methods can be susceptible to artifacts, and
therefore, rigorous validation of the tracking pipeline, supported by appropriate figures and
benchmark data, is essential.

https://doi.org/10.7554/eLife.110412.1.sa1
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Reviewer #3 (Public review):

The manuscript by Bai et al presents a study of the effect of trapping on the efficiency of
chemotactic spreading. While the overall impression of the study is positive, there are
multiple drawbacks that accumulate and together make the statement of the paper not fully
justifiable. Below, I provide some detailed comments in chronological order, and indicate
those of particular importance.

(1) On the first page of the Introduction, the authors use the following wording: "...how
bacteria optimise their intrinsic motility parameters to maximise navigation efficiency".
However, it is not shown or known whether they do. In the experiments, the authors fetch
the bacteria at the far front and artificially select the ones with shorter run times. The ones at
the front could be the effect of heterogeneity of the population rather than an adaptation.
Moreover, the authors claim that the selective pressure is via trapping. But this can be due to
a multitude of other factors that change with agar concentration, availability of nutrients,
osmotic properties of water, etc.

(2) At the beginning of the results section, the authors claim that for both agar concentrations,
they observe a progressive increase in chemotactic navigation. I do not see how the data for
0.2 % agar would correspond to that. Migration speed remains flat.

(3) (Important). The authors claim that the mean run speed remained constant. But this is
definitely not true, as seen in the plots. The speed of modernity is increasing for both agar
conditions. And here it is important to note that the chemotactic drift velocity is proportional
to the square of run speed (which is not the case for the formulas in this paper, see comment
below). Thus, even smaller changes in v_0 can result in a significant increase in the drift
velocity.

(4) (Important). Tumble bias is also significantly increasing in 0.3 agar concentration. While it
is not clear from the paper what exactly the tumble bias is, if it is related to the persistence of
the turning angle, this also has a linear effect on the chemotactic drift velocity.

(5) (Important). When performing aTc dependence testing, the authors didn't report how
other observables of swimming behaviour are changing.

(6) (Very important). I'm not sure that by interfering with Che-Z expression, one does not
affect the whole chemotactic circuit, for example, by changing G (in terms of the model) and
thus the optimality occurs not due to the agar concentration/traps but due to the
perturbations in the circuit. Also, the effect of different % seems to be much more minor
compared to the overall induced changes in spreading speed.

(7) (Very important). I was very confused by the statement of the authors about only 3% of
traps being exited due to tumble. I don't think this is possible (in a way consistent with the
suggested model). Mean free run times (Figure 1C) go down to 0.4 s. Duration of tumbles is
0.3s (Figure S2c), but the duration of traps is longer than tumbles (and a bit shorter than
runs). So how can it be that a running cell gets into a trap and only in 3% cases it experiences
a tumble? What would be the distribution of run durations if one combines pre-
trap+trap_time+post_trap run time - would they still have a mean below 1s?? It really looks
like the authors are not able to detect tumbles when bacteria are trapped. Or is there an
active mechanism suppressing tumbles when in the trap?

(8) It is not clear what it means that post-tumble angles were uniformly distributed. Does this
refer to only trap-associated tumbles? It is known that in the freely swimming e.coli the
tumbling angles are not isotropic but have a preference for the forward direction. Is it
different in agar conditions?
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(9) (Very important) The authors assume an oversimplified model for the chemotactic drift
based on biased random walks. As a result, the answer for chemotactic drift velocity has a
wrong scaling with run speed. In the linear theory of chemotaxis by de Gennes, the scaling is
v_0/2, while the authors use a linear relationship. Thus, the assumption of the simplified
model is incorrect. The exact effect of the traps (where no tumbling is happening, and the
directional memory is conserved) needs to be properly calculated, for example, in the same
de Gennes framework. And I can't say what the result would be from the top of my head
because the calculation is, in fact, not too trivial. Thus, the model used is oversimplified, and
thus the fact that it shows a non-monotonous relationship with tau_f is of little predictive
power.

Taken together, you see that all the key points that are used in the chain of the argument
about the optimality are not rock solid and allow for alternative explanations. I think all
those either need to be tested explicitly or at least clearly discussed, and the respective
conclusions of the paper need to be rephrased. In my view, this work needs major revision.

https://doi.org/10.7554/eLife.110412.1.sa0
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