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Supplementary Information 8 
“A multiscale 3D chemotaxis assay reveals bacterial navigation mechanisms” 9 

Marianne Grognot & Katja M. Taute 10 
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Supplementary Figure 1 1 
 2 

 3 
 4 
Supplementary Figure 1: Characterization and validation of chemotaxis assay. a) Top view of 5 
chemotaxis chamber with fluorescein gradient, stitched from tiled confocal fluorescence images. 6 
The gradient is established in a 1 mm long central channel (magenta) between two large 7 
reservoirs (left and right). White dashed line indicates approximate line scan shown in panel b. 8 
b) Temporal establishment and stability of the fluorescein gradient assessed by confocal 9 
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fluorescence imaging along a line in the center of the channel. c) Relative gradient in the center 1 
of the device as a function of time after closing the device, normalized relative to the intensity in 2 
the right reservoir. d) Mean swimming speed of the E. coli motile population (defined as having 3 
a mean swimming speed larger than 10 µm/s) over time after closing the device. Gray dashed 4 
lines in panels c and d serve to guide the eye. e) Average E. coli bacterial velocities measured in 5 
all 3 dimensions in the presence and absence of a 1 mM/mm methyl aspartate gradient, and 6 
when the device is rotated by 180° about the z axis. The magnitude of the measured drift up the 7 
gradient changes by less than 1% when the chamber is flipped. All error bars are standard errors 8 
of the mean. f) E. coli drift velocity versus z position is reproducible between the three replicates 9 
combined in Fig. 1d.  10 

11 
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Supplementary Figure 2 1 
 2 

 3 
 4 
Supplementary Figure 2: Additional characterization of C. crescentus motility and chemotaxis. 5 
Examples of trajectories whose bulk segments show a) no turns and b) a turning frequency close 6 
to the population average. c) Instantaneous swimming speed distributions for the full motile bulk 7 
population (black, set 2 in Supplementary Table 2), the smooth-swimming population (grey, set 8 
4) and that retained for run duration analysis (red, set 7), containing all trajectories with at least 9 
one run of defined duration and bacterial orientation. We attribute the subtle deviation in 10 
average swimming speed to selection bias, rather than biological differences. Conditions that are 11 
more likely to be met by longer trajectories select for bacteria of lower speed because they spend 12 
more time in the field of view. d) Distribution of turning angles and turn classification. Turns by 13 
an angle smaller than 130° are considered flicks and those by an angle larger than 150° are 14 



 

 18 

considered reversals. Flick angles have a magnitude of 80° ± 24° (mean ± standard deviation). e) 1 
Backward and forward swimming speed (vbw and vfw, respectively) in the same individuals reveal 2 
that backward runs are approximately 2.5% faster. Cyan: orthonormal linear fit with zero 3 
intercept (grey: unity, for comparison). f) Fraction of runs longer than τ for backward and forward 4 
runs, going up (yellow) or down (cyan) the gradient, defined as falling within a 36° cone around 5 
the positive or negative x-axis, respectively. The dashed lines show corresponding maximum-6 
likelihood inverse Gaussian distribution functions (Methods). g) Example trajectory color-coded 7 
by speed (top) and run direction (bottom, red: backward, blue: forward), with near-surface 8 
segments shown at higher saturation than bulk segments. Arrow marks trajectory start.  9 
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Supplementary Figure 3 1 
 2 

 3 
Supplementary Figure 3: 3D vs 2D tracking. a) Probability distribution function of trajectory 4 
durations for full 3D motile bulk data (black, subset 2 in Supplementary Table 2) and the same 5 
cropped to an 8-µm thick central slice, corresponding to a typical depth of field used in 2D 6 
tracking (red, see Supplemental Discussion for details). Trajectories shorter than 5 frames were 7 
not retained for analysis. The grey dashed line indicates the minimum trajectory duration 8 
threshold used for turn detection in our study. b) Cumulative duration of trajectories whose 9 
duration exceeds a given threshold for both data sets. The exponential decay time scales of the 10 
distributions’ tails are 2.0 s and 0.88 s for the 3D and the 2D case, respectively.  c) Frequency of 11 
detected turning events for both data sets, normalized either across the full trajectory data set 12 
(left bars, corresponding to subset 2 for the 3D case) or that of trajectories that meet the 13 
minimum duration threshold of 0.8 s (right bars, faded, corresponding to subset 3 for the 3D 14 
case). We include only turns that allow a turning angle to be measured. Numbers in panels c and 15 
d indicate absolute numbers of events detected. d) Frequency of detected run types for the same 16 
normalizations and data sets as in panel c. 2D microscopy identifies the direction for far fewer 17 
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run events than 3D microscopy because it undersamples flick events which typically result in the 1 
trajectory leaving the focus.   2 
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Supplementary Discussion 1 
 2 
 3 
Consistency of measured E. coli drift speed with literature values 4 
 5 
Very few methods allow direct measurements of the drift velocity. Colin et al5 used a highly 6 
sensitive population-scale approach to determine a drift velocity, vd, normalized by the product 7 
of the motile fraction, α, and average speed, vm, for AW405 of vd/(αvm) ∼ 0.08-0.09 for a 8 
10 µM/mm MeAsp gradient, which translates in our case (α = 1, vm = 29.9 µm/s) to an expected 9 
drift of 2.4 - 2.7 µm/s, in excellent agreement with our result of 2.7 ± 0.3 µm/s. Recently, Schauer 10 
et al.31 presented drift velocities directly computed from 2D trajectory data for the much slower 11 
swimming strain MG1655 (mean speed 16 µm/s). In addition to the strain difference, these 12 
results cannot be compared quantitatively to ours because the 2D approach introduces biases 13 
that are hard to correct31. For example, mandating a minimum trajectory duration in 2D limits 14 
the analyzed set of bacteria to those that move within the focal plane, which results in an over-15 
estimate of the drift velocity as it discriminates against bacteria that move perpendicular to the 16 
gradient.  17 
Other publications refer to the chemotactic sensitivity. Ahmed et al.32 infer the drift velocity from 18 
the population-averaged swimming speed and the measured asymmetry in the time spent 19 
swimming up versus down the gradient for various gradient conditions, and then use the 20 
following relation to determine the chemotactic sensitivity: 21 
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where 𝑣"$ =
*
+
	𝑣!$  is the average bacterial swimming speed, 	𝛫%  is the receptor/ligand 23 

dissociation constant, Vdrift is the chemotactic drift, C is the MeAsp concentration and x the 24 
position in the gradient. Using this relation with  𝑑𝐶 𝑑𝑥C = 1	 × 10,-	𝑚𝑀/µ𝑚, 𝐶(𝑥) = 5	µ𝑀, 25 
and 𝛫% = 0.125	𝑚𝑀33, we obtain 𝜒# = 11 ± 1 × 10-4 cm2/s from our drift velocity value of 2.7 ± 26 
0.3 µm/s, which aligns well with previously reported values for the same strain (2.4 × 10-4 cm2/s34, 27 
5  × 10-4 cm2/s35,  12.4 × 10-4 cm2/s32). 28 
 29 
 30 
C. crescentus chemotaxis 31 
 32 
Magnitude of the observed chemotaxis response. C. crescentus has been shown to demonstrate 33 
strong attraction to oxygen15. Such so-called aerotaxis is usually differentiated from chemotaxis 34 
because it is thought to be driven by indirect intracellular sensing, rather than transduction of 35 
extracellular chemoattractant ligand binding by chemoreceptors36. While several 36 
chemoattractants for C. crescentus have been identified in the literature21,30,37, the fact that no 37 
similarly strong response to any of them has been demonstrated suggests that chemotaxis may 38 
be either generally weak in C. crescentus or may be reserved to conditions or subpopulations that 39 
are challenging to capture experimentally.  40 
While multiple sugars have previously been reported to be chemoattractants for C. crescentus 41 
on the basis of soft agar plate assays21,30,37, xylose is the only one for which a response at the 42 
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level of individual swimming behavior has been reported30. We cannot exclude that the presence 1 
of glucose, which is added to maintain spatially uniform growth in our assay, interferes with 2 
xylose chemotaxis. Such an effect would only be expected if xylose and glucose are sensed by the 3 
same receptor, however, the chemoattractant ligand repertoires of the 18 putative 4 
chemoreceptors encoded in the C. crescentus genome38 have not been characterized. Moreover, 5 
glucose was also present in the above study showing a qualitative effect of a xylose gradient on 6 
swimming behavior30. 7 
While the drift velocity of 0.26 ± 0.12 µm/s we observe for C. crescentus is small in magnitude, 8 
its source can unambiguously be attributed to chemotaxis based on the dependence of run 9 
durations on swimming direction directly verifying a chemotactic behavioral modulation. The 10 
small error estimate on our measurement is achieved by utilizing the high throughput of our 11 
technique to accumulate a data set sufficiently large to sensitively detect even a small drift.  12 
 13 
Nature of the smooth-swimming subpopulation. While, even for a uniform population of turning 14 
bacteria, it is expected that a subset of trajectories exhibits no turning events by random chance, 15 
several observations support the notion that the trajectories without turns contain a 16 
phenotypically distinct subpopulation: Firstly, they show a vastly different drift velocity from the 17 
turning population (Supplementary Table 2, p ≈ 10-5 under a one-sided two-sample t-test on drift 18 
velocity averages obtained for sets of 150 trajectories each). Secondly, the observed fraction of 19 
trajectories with no turns exceeds the fraction expected from the average turning frequency by 20 
9%, assuming Poisson statistics and a uniform turning frequency across the population. An 21 
average turning frequency of 0.34 Hz is obtained by dividing the number of turns observed across 22 
the entire turn detection dataset by the set’s total trajectory time. Thirdly, if we determine the 23 
turning frequency as the value that best predicts the observed relative frequency of trajectories 24 
with 1, 2, and 3 turns under the assumption of Poisson statistics, ignoring the frequency of 25 
trajectories with no turns, we obtain a higher rate of 0.36 Hz. Based on this value, the number of 26 
trajectories with zero turns is 24% higher than expected.  27 
Although turning events are not truly Poissonian, as indicated by the peaked, non-exponential 28 
distribution of run durations, we do not anticipate that this changes the conclusion that smooth 29 
trajectories are overrepresented because the minimum trajectory duration of 0.8 s we impose is 30 
located on the exponential tail of the run duration probability distribution function. In fact, the 31 
Inverse Gaussian distributions we extract predict a larger number of runs shorter than 0.8 s than 32 
an exponential distribution with the same mean, so we are likely underestimating the 33 
overrepresentation of smooth trajectories. 34 
It is possible that our population contains a continuous spectrum of turning rates rather than two 35 
discrete, turning and non-turning, subpopulations. The run duration distribution of the turning 36 
population, however, is well-captured by a single distribution (Fig. 2b).  37 
Multiple possible causes could potentially underlie the smooth-swimming subpopulation we 38 
observe. One possibility is that these cells are experiencing the receptor degradation that 39 
accompanies the swarmer-to-sessile cell transition17. In E. coli, the tumble signal [CheY-P] is 40 
produced by the receptor-bound kinase CheA, so that a deletion of chemoreceptors, like a 41 
deletion in cheA or cheY, produces a smooth-swimming phenotype39,40. In C. crescentus, 42 
however, a deletion in cheAI from the major chemotaxis operon has been reported to result in 43 
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an increased turning frequency30, thus it is unclear whether a receptor deletion or degradation 1 
would yield a smooth-swimming phenotype in this species. 2 
A second possible explanation might lie in the c-di-GMP-activated Cle proteins which were 3 
recently shown to induce smooth-swimming, likely by competing with CheYII, thought to be the 4 
main chemotaxis response regulator, for binding sites at the motor19.  5 
Turning bacteria show a drift of 0.26 ± 0.12 µm/s up the gradient (set 5 in Supplementary Table 6 
2), but smooth swimmers show a pronounced negative drift of -0.80 ± 0.17 µm/s (set 4 in 7 
Supplementary Table 2). We attribute this negative drift to a diffusive flux driven by an imbalance 8 
in bacterial concentrations between the two reservoirs, likely arising from an increased growth 9 
rate in the xylose-containing reservoir. If so, such an imbalance would be expected to also affect 10 
the turning cells, and the drift velocity we measure for them might represent an underestimate.  11 
 12 
Motor switching model. The ratio of probabilities, p, of being the in CW vs the CCW state is 13 
determined by their energy difference ΔEb (Figure 2d, e for definitions of terms) between them: 14 
p(CW)/p(CCW) = exp( - ΔEb/kBT), where kB is the Boltzmann factor and T is the absolute 15 
temperature. The motor’s CW bias is given by p(CW). The rates of switching between states 16 
depend on the energy barrier separating the states: kCCW ∝ exp( - ΔECW/kBT), kCW ∝ exp( - 17 
ΔECCW/kBT).  18 
In the E. coli model, CheY-P binding is thought to destabilize the CCW state while stabilizing the 19 
CW state so that ΔEb decreases (thus increasing the motor’s CW bias), ΔECCW decreases 20 
(increasing kCW), and ΔECW increases (decreasing kCCW)27.  21 
For an alternative model that enables chemotaxis at constant motor bias, ΔEb must remain 22 
constant. CheY-P binding can then modify switching rates by either destabilizing both motor 23 
rotation states by the same amount10 or by lowering the energy barrier between them.  24 
While our data are consistent with the notion that the motor bias remains constant during 25 
chemotaxis, we cannot exclude that experimental scenarios that evoke a stronger chemotactic 26 
response might exhibit a deviation from a constant bias. We emphasize, however, that such a 27 
deviation would only entail minor modifications to the model proposed here and would not 28 
compromise the key point of our findings, namely that chemotaxis is achieved by extending 29 
either motor rotation interval if favorable, as opposed to modifying their relative durations.  30 
 31 
 32 
Comparison of 3D and 2D tracking  33 
 34 
To compare the performance of 3D tracking to a common 2D tracking approach, we construct a 35 
2D comparison dataset from our 3D data based on an estimate of the constraints of 2D tracking. 36 
2D tracking studies often observe bacteria in a slice whose vertical thicknesses is determined by 37 
the depth of field of the objective lens used. This value can range from about 2 µm for a 40x, NA 38 
0.60, lens like the one used here to about 8 µm for a 10x, NA 0.3, lens, assuming a camera pixel 39 
size of 6 µm. To construct a realistic 2D data set, we crop our 3D Caulobacter crescentus bulk 40 
trajectories, which span approximately 44 µm in z, to those segments contained in a slice of a 41 
vertical height of 8 µm, positioned at the center of our chamber in z, and discard the z information 42 
for the resulting data set. 43 
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Not only does the 2D dataset comprise less data by overall trajectory duration because it covers 1 
a smaller volume (Supplementary Fig. 3b), but it also consists of much shorter trajectories 2 
(Supplementary Fig. 3a) because trajectories end when bacteria leave the slice. Many behavioral 3 
parameters only become detectable in trajectories with a certain minimum trajectory duration. 4 
For example, unambiguous identification of bacterial orientation during a run requires that both 5 
turning events before and after the run can be identified as reversals or flicks. The amount of 6 
trajectory data that meets a given duration threshold decreases exponentially with the threshold 7 
value. For the 2D data set, the rate of decrease is more than twice as fast as for the 3D data set 8 
(Supplementary Figure 3b). We select a minimum duration threshold of 0.8 s, slightly longer than 9 
the average run duration, to limit analysis to trajectories that are likely to capture runs of 10 
detectable orientation. At this threshold value, the amount of data in the 2D data set is reduced 11 
by more than an order of magnitude compared to the 3D data set.  12 
Next, we compare the frequencies of the different types of turning events detected in 2D and 3D 13 
tracking. To detect turning events in the 2D data, we follow the same procedure as in 3D, except 14 
speeds and rates of angular change were only computed from the x and y components of the 15 
position data and the detection threshold factor was adjusted to a value of 14 to minimize the 16 
difference in the number of detected events compared to a full 3D treatment of the same data. 17 
2D tracking underestimates the number of flicks because flicks often result in the bacterium 18 
leaving the observation volume. By contrast, reversals result in the bacterium backtracking along 19 
its previous path, so a forward run in the observation volume is typically followed by a backward 20 
run that is also in the observation volume. As a result, we detect nearly twice as many reversals 21 
as flicks in the 2D data set, compared to a nearly balanced ratio of 1.2 in the 3D data set 22 
(Supplementary Fig. 3c).  23 
The undersampling of flicks in 2D tracking limits the ability to assign bacterial orientations to runs, 24 
as we require a flick to be detected at one end and a reversal to be detected at the other end of 25 
a run to unambiguously distinguish forward and backward swimming. As a result, a bacterial 26 
orientation can only be assigned to less than half of the runs observed in 2D tracking, compared 27 
to nearly 70% for 3D tracking (Supplementary Fig. 3d).  28 
Because forward runs are, on average, longer than backward runs, examining forward and 29 
backward runs separately is crucial to being able to detect whether run durations depend on 30 
orientation relative to the gradient. The 2D dataset detects only 210 runs of known bacterial 31 
orientation, of which fewer than 80 are aligned up or down the gradient. As a result of the low 32 
rate of detection of runs with known bacterial orientation, the 2D data set is unable to distinguish 33 
run durations up and down the gradient. To detect a similar number of runs with known bacterial 34 
orientation as in 3D tracking, approximately 30-40 times as much data would need to be 35 
recorded, corresponding to 1.5-2 full days of recording, compared to the 75 min on which the 3D 36 
dataset is based.  37 
 38 

39 
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Supplementary Table 1 1 
 2 
 3 

MotM 10 mM KH2PO4 
0.1 mM EDTA 
1 µM L-methionine 
10 mM lactic acid 
0.067 mM NaCl 
pH 7.0 

M2G 12.3 mM NaHPO4 
7.8 mM KH2PO4 
9.3 mM NH4Cl 
0.5 mM MgSO4 

0.5 mM CaCl2 
10 µM FeSO4.7H2O in 8 µM EDTA 
0.2% glucose 
pH 7.0 

TB 1% Bacto Tryptone 
0.5% NaCl 
pH 7.0 

PYE 0.2% Bacto Peptone 
0.1% Bacto Yeast extract 
1 mM MgSO4 
0.5 mM CaCl2 
pH 7.0 

 4 
Supplementary Table 1: Growth and motility media used.  5 
  6 
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Supplementary Table 2 1 
 2 
 3 

set 
# set 

sub-
set 
of 

additional 
conditions 
re parent 

set 

# of 
trajec-
tories 

total 
trajectory 

time (s) 

mean 
trajectory 
duration 

(s) 

mean 
speed 
(µm/s) 

drift 
velocity in 
x (µm/s) 

drift 
velocity in 
y (µm/s) 

1 all 1 - 125,208 249,729 2.0 50.4 -0.20 ±0.07 -0.09 ±0.07  

2 motile 
bulk 1 

>13 µm 
from 

surface, 
vm >20µm/s 

130,243 154,952 1.2 58.2 -0.22 ±0.09 -0.09 ±0.11 

3 
turn 

detection 
set 

2 T > 0.8 s 79,244 123,001 1.6 57.7 -0.31±0.11 -0.09 ±0.11 

4 smooth 
swimmers 3 0 turns 49,753 66,949 1.3 59.2 -0.80 ±0.17 -0.14 ±0.18 

5 turning 3 1+ turns 29,491 56,054 1.9 55.8 0.26 ±0.12 -0.03 ±0.12 

6 run 
analysis 5 1+ runa  8,409 21,848 2.6 52.5 0.26 ±0.18 0.16 ±0.18 

7 
forward/ 
backward 
analysis 

6 1+ defined 
runb 6,230 16,368 2.6 53.6 0.22 ±0.19 0.21 ±0.22 

8 

forward/ 
backward 

speed 
analysis 

7 
1+ fw run 

AND 1+ bw 
run 

1,418 4,896 3.5 50.8 0.01 ±0.35 0.19 ±0.29 

 4 
Supplementary Table 2: Definitions and properties of subsets of C. crescentus trajectories used 5 
for analysis. The number of trajectories in subset 2 increases relative to subset 1 because the 6 
condition of a minimum distance to the surface segments trajectories into potentially multiple 7 
rejected or retained parts. vm: mean swimming speed, T:  trajectory duration.  a A run is included 8 
here if its beginning and end are detected. b Defined runs are those whose bacterial orientation 9 
can be determined based on the magnitude of the preceding and subsequent turns.  10 
 11 
 12 
 13 
  14 
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