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Engineered bacterial swarm patterns as 
spatial records of environmental inputs

Anjali Doshi    1, Marian Shaw    1, Ruxandra Tonea1, Soonhee Moon1, 
Rosalía Minyety1, Anish Doshi2, Andrew Laine1, Jia Guo3,4 & Tal Danino    1,5,6 

A diverse array of bacteria species naturally self-organize into durable 
macroscale patterns on solid surfaces via swarming motility—a highly 
coordinated and rapid movement of bacteria powered by flagella. 
Engineering swarming is an untapped opportunity to increase the scale and 
robustness of coordinated synthetic microbial systems. Here we engineer 
Proteus mirabilis, which natively forms centimeter-scale bullseye swarm 
patterns, to ‘write’ external inputs into visible spatial records. Specifically, 
we engineer tunable expression of swarming-related genes that modify 
pattern features, and we develop quantitative approaches to decoding. 
Next, we develop a dual-input system that modulates two swarming-related 
genes simultaneously, and we separately show that growing colonies 
can record dynamic environmental changes. We decode the resulting 
multicondition patterns with deep classification and segmentation models. 
Finally, we engineer a strain that records the presence of aqueous copper. 
This work creates an approach for building macroscale bacterial recorders, 
expanding the framework for engineering emergent microbial behaviors.

Swarming behaviors are ubiquitously found in natural systems, rang-
ing from bird flocks to microbial communities, and have inspired the 
creation of artificial systems such as robot swarms1–3. A collective move-
ment stemming from individual interactions, swarming can greatly 
increase a community’s scale as well as robustness to noisy individuals 
and environments. The swarming of many microbial species creates 
complex emergent patterns at the centimeter scale on solid surfaces3–7. 
Although a long-standing goal of synthetic biology has been to pro-
gram self-organization in such a fashion, swarming motility has yet to 
be engineered or used for biotechnological applications8–10. Previous 
approaches have focused on prototypical microbes such as Escherichia 
coli, which forms homogenous colonies, and have engineered swim-
ming and quorum-sensing systems in liquid-agar environments, or 
used external prepatterning to generate coordinated behavior11–14. 
One promising application of engineering natural swarming is the 
creation of a durable spatial recording system, using the sensing 
capabilities of millions of individual bacteria within a swarm to visibly 

‘write’ information onto a solid surface. Thus far, synthetic cellular 
information recording efforts have achieved the recording of multiple 
inputs, cellular lineage and transient signals, primarily within DNA, 
but rely on sequencing and other technologies for decoding, or are  
in silico15–19.

We focused on engineering the unique swarming of Proteus mirabi-
lis—a commensal gut bacterium also commonly found in soil and water, 
which produces a bullseye pattern on solid agar defined by concentric 
rings of high bacteria density that are visible to the naked eye20 (Fig. 1a). 
The inherent clock-like timing and internal consistency of the colony 
ring formation naturally suggest application as a recording system, 
similar to the way a growing tree records information in the rings in its 
trunk21. Although the ability of P. mirabilis to produce rings has been 
known for over 100 years, it has not been developed as a synthetic biol-
ogy platform and quantification of its macroscale patterns has been 
limited22. Beyond the large-scale features of P. mirabilis that enable 
simple decoding visually, applying methods of deep learning and 
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to the pattern would be easily visible and quantifiable (Extended 
Data Figs. 1 and 2). After establishing these conditions, we expressed 
swarming-related genes to controllably modify specific colony pattern 
features, which could be subsequently analyzed and decoded to report 
on conditions during colony growth (Fig. 1a).

To initially demonstrate swarm pattern modulation, we engi-
neered P. mirabilis with a high-copy plasmid carrying an isopropyl 
β-d-1-thiogalactopyranoside (IPTG) inducible promoter, pLac, express-
ing cheW, a chemotaxis-related gene upregulated in the swarming 
process26,30. In E. coli chemotaxis, CheW is a membrane-bound coupling 
protein part of a signaling complex in which it bridges the kinase CheA 
to chemoreceptors, allowing phosphotransfer to CheY and CheB, where 
CheY is involved in the control of flagellar motor rotation31. Although 
the exact role of cheW in swarming is not fully known, a cheW mutant 
of P. mirabilis was previously found to be unable to swarm30. Here 
increasing concentrations of IPTG in the agar were used to induce con-
stitutive cheW expression, which resulted in colonies with decreasing 
ring width and size at 24 h, as compared to a control green fluorescent 
protein (gfp)-expressing strain, which showed no change in pattern in 
response to IPTG (Fig. 1b). To quantify the patterns, we examined the 
radially averaged pixel intensity as a proxy for colony density in each 
of the conditions, where high pixel intensity (lighter regions in the 
colony) represents lower density (Fig. 1c and Extended Data Fig. 3). All 
colonies had a characteristically dense boundary around the central 
inoculum, seen as a dip in the intensity plot around 0.25 cm from the 

image segmentation could further decode multiple external inputs and 
potentially dynamic conditions from more complex pattern features.

The bullseye pattern of P. mirabilis is created from a sequence of 
phases starting with initial colony growth (lag), followed by oscillatory 
cycles of synchronized colony expansion (swarming) and station-
ary periods of cell division (consolidation). The synchronicity of its 
swarming is achieved by a complex coordination of cell elongation, 
secretion of surfactant to aid movement, intercellular communication 
and alignment of swarmer cells into rafts by intercellular bundling of 
overexpressed flagella23,24. While the investigation of the mechanisms 
governing these behaviors is ongoing, studies have identified an array 
of genes upregulated during consolidation phases, including those 
responsible for the synthesis of flagella, metabolism and cell division, 
and during swarming phases, such as the master regulator flhDC24–27. 
These works have shown that modification of expression of these genes 
and choice of growth conditions can lead to different variations of the 
ring pattern28,29. In this work, we engineer P. mirabilis by tuning the 
expression of a set of swarming genes so that the presence of various 
inputs is encoded in the output ring patterns of the engineered strains, 
which can then be decoded by analysis of the resulting pattern images.

Results
Preliminary engineering of P. mirabilis patterns
We chose the strain PM7002 with baseline conditions that would  
create a pattern with distinct ring boundaries, such that modifications 
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Fig. 1 | Engineered P. mirabilis swarm patterns as spatiotemporal records.  
a, Wild-type (WT) P. mirabilis cells undergo oscillatory swarming on solid agar 
to grow into a characteristic bullseye colony via elongation, hyperflagellation 
and raft formation. P. mirabilis is engineered with an externally inducible genetic 
circuit driving swarming-related genes to modify the macroscale pattern output, 
which can then be decoded using quantitative methods to predict the input 
conditions. b, Representative images of colony patterns formed by a strain 
containing a control circuit with green fluorescent protein (gfp) (top) compared 
to one containing a circuit with the chemotaxis gene cheW (bottom), grown 
for 24 h on agar supplemented with various IPTG concentrations. c, The cheW 
colony pattern is distilled into radially averaged pixel intensity profiles, with 
distinct peaks matching low-density ring boundaries when plotted as a heatmap 

or line plot. The blue line denotes the mean profile of the individual plates 
(each gray line represents one plate). d, Heatmaps of average cheW profiles at 
varying IPTG concentration (n = 4, 5, 7 and 7 plates at IPTG = 0, 0.5, 0.7 and 1 mM, 
respectively). Colormap is on the same scale for c and d. e, Radii of the colonies 
plotted by IPTG concentration after 24 h (filled circles) and calculated ring 
width (empty triangles), derived from Fourier analysis of the radially averaged 
profiles of individual images. The mean and standard error of the mean (s.e.m) 
are shown in black. n = 4, 5, 7 and 7 plates for IPTG = 0, 0.5, 0.7 and 1, respectively. 
f, A multinomial model was fit to the measurements in e, with predicted IPTG 
concentration as the output variable. The model’s predictions for each plate 
shown in e are shown as a confusion matrix. Color reflects n per square (same as 
listed in d; white squares represent 0).
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center of the colony (x = 0 in the plot), and showed periodic changes in 
density across the colony. As expected, the radially averaged intensity 
profiles showed peaks of intensity corresponding to the periodic ring 
boundaries. With increasing cheW expression, the profiles showed 
greater density near the inoculum and at the ring boundaries, which 
can be seen as lighter areas on heatmaps of radially averaged intensi-
ties (Fig. 1d). We constructed a small dataset and measured colony 
radius manually using image processing tools and ring widths using a 
custom algorithm (Supplementary Note on Computational Methods 
and Fig. 1e). The colony radius and ring width correlated well with IPTG 
concentrations (R2 = 0.90 for each). To more accurately decode input 
conditions from the pattern, we fit a multinomial regression model 
on these measurements and found that the model correctly predicted 
each colony’s input IPTG from the combination of its radius and ring 
width in all cases (Fig. 1f). Therefore, we reasoned that colony features 
could potentially encode information about external inputs received 
by the bacteria and feature measurements could subsequently be used 
to decode the information.

Manipulation of multiple swarming-pathway genes
Given the variety of P. mirabilis pattern features observed in the lit-
erature beyond ring widths and overall colony radii, we explored the 
potential for multiplexed information encoding. Here we sought to 
identify additional genes that could distinctly modulate colony pat-
tern features (Fig. 2a). We chose genes that were previously implicated 
in a range of points in the swarming process, including umoD, which 
controls the master regulator of swarming, flhDC; the signaling factors 
fliA and flgM, which are involved in flagellar gene transcription and lrp, 
which affects general cellular processes in response to the presence of 
leucine26,32–36. Induced expression of these genes via IPTG generated 
a variety of patterns, ranging from dense ruffled textures, to ‘spikes,’ 
to indistinct ring boundaries (Fig. 2b). Scanning a range of IPTG con-
centrations showed graded changes in patterns (Extended Data Fig. 
4). For example, with minimal IPTG-induced expression, the lrp strain 
formed spikes in the inner colony rings, and at maximal induction, 
each ring boundary was spiky. Increased expression of flgM caused 
the colony radius at 24 h to shrink, while fliA caused the formation of 
visible light-colored dots just within the boundaries of each ring. As 
umoD expression increased, colonies became more symmetric and 
ring boundaries and the inoculum edge became fainter. Expression 
of another flagellar gene, flgA, resulted in no visible effect on the pat-
tern, confirming that the graded changes seen were due to the specific 
swarm gene overexpressed in each of the above strains. Taken together, 
these various qualitative characteristics suggested that the induced 
expression of certain swarm genes could indeed affect several pattern 
features that could be measured and quantified.

We next examined the radially averaged profiles of each pattern, 
which revealed distinct characteristics for each strain (Fig. 2c). For 
example, overall colony density was higher with induced cheW expres-
sion than with umoD. The spikes visible in the lrp pattern, which caused 
ring boundaries to spread over greater widths, reduced the sharpness 
of the ring boundaries in the radially averaged profiles. Given the 
repeating nature of features in the patterns, we also explored visualiza-
tion of the Fourier spectra of the polar transforms of the images, which 
highlight the presence of frequency information, to see if the spectra 
varied between strains (Fig. 2d). The periodic features in the patterns 
resulted in high visible intensities in certain regions of the Fourier 
transform images. For example, the umoD strain displayed a higher 
magnitude in the outer regions of the transformed images, represent-
ing high-frequency (that is, short distances between repeated features) 
information, while the other strains showed greater magnitude in 
the central regions, which represents lower-frequency features. In 
summary, we saw that the visible differences in patterns between the 
engineered strains were reflected in, and thus could be analyzed from, 
quantitative representations of the images.

We then sought to identify features of each strain’s pattern that 
could allow for the determination of the input IPTG concentration. We 
generated a dataset of images for each strain grown at a range of inducer 
concentrations and measured a range of features for each (Extended 
Data Fig. 5a). The low frequencies of the Fourier spectra were found to 
increase with IPTG induction for the flgM and cheW strains, reflecting 
the visual observation of thinner, fewer rings of increased density at 
higher IPTG (Fig. 2e and Extended Data Fig. 5a). A second measure, the 
local coefficient of variation (CV), increased with increasing IPTG for the 
lrp strain, which could be observed visually in the spiked rings (Fig. 2f).  
Finally, the distinctness of the inoculum border, measured by the 
change in intensity over the border, decreased with increasing IPTG 
for the umoD strain, particularly from 0.1 mM to 1 mM IPTG (Fig. 2g). 
These measurements showed that induced expression of these genes 
could quantifiably affect the pattern in response to changes in IPTG.

As an approach for decoding information from the patterns, we 
explored fitting regression models on these measurements. The sam-
ples were binned into three classes (0–1, 1–5 and 5–10 mM IPTG), and 
then each feature individually, and all possible combinations of the 
measured features, were used to fit multinomial regression models, to 
identify which combination would best decode a given strain’s pattern. 
The performance of such models can be evaluated using a multiclass 
area under the receiver-operating curve (ROC) measurement, known as 
the AUC metric, where the more accurately a model predicts true posi-
tives compared to false positives for each class, the closer the AUC will 
be to 1. The AUC of each strain’s fitted model was evaluated on the input 
data (Fig. 2h and Supplementary Table 1). For each strain, the combina-
tion of parameters that gave the highest AUC varied, confirming that 
each strain was encoding information in a characteristic combination 
of pattern features. The best models for the experimental strains with 
cheW, umoD, fliA and lrp generally had AUC > 0.9, showing how well 
the models were able to differentiate true positives in each IPTG class 
from false positives. The AUCs were 0.6 for the gfp control strain, just 
slightly above a random classifier (AUC = 0.5), suggesting that pattern 
parameters were not strongly affected by increasing IPTG for control 
strains. The confusion matrices showed that the fitted models cor-
rectly classified a majority of the plates for each strain (Extended Data  
Fig. 5b). Thus, information about the environment encoded within 
the engineered strains’ patterns can be decoded using combinations 
of relevant pattern features.

Dynamics of engineered P. mirabilis strains
P. mirabilis swarming creates patterns not only in space but also in 
time; this temporal regularity suggests the possibility of encoding 
information in both the endpoint patterns and their dynamic growth 
phases. We aimed to gain an understanding of the dynamics of the 
engineered strains by time-lapse imaging of colony growth (Fig. 3a). To 
capture high-resolution images of swarming, we developed a time-lapse 
setup using a commercial flatbed scanner. For each strain, a time-lapse 
was captured with maximal IPTG concentration at 25 °C; images were 
taken every 10 min over the course of the time-lapse (Fig. 3a and Sup-
plementary Video). The individual images were then radially averaged, 
and full time-lapses were visualized via heatmaps (Fig. 3b). Using a 
custom semi-automated algorithm (Supplementary Note on Com-
putational Methods), we identified the location of the colony front at 
each timepoint and obtained trajectories with high spatiotemporal 
resolution (Fig. 3c). The colony growth trajectories showed that each 
of the engineered strains maintained the classic alternation in phases, 
but with changes in aspects such as initial lag time and length of the 
phases compared to the control gfp strain. We then measured the mean 
length of time of each phase from each of these trajectories (Fig. 3d), 
which, together with the distance swarmed during each swarm phase, 
enabled the calculation of swarm speed (Fig. 3e).

To explore whether certain dynamic parameters would show a 
trend with increasing IPTG for each strain, we generated individual 
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time-lapses of each strain grown at a range of IPTG concentrations 
(Supplementary Fig. 1 and Extended Data Fig. 6). When comparing 
uninduced to induced conditions, we observed distinct measurements 
that changed for each strain, such as the lag time for umoD, the length 
of the middle consolidation phases for cheW and the time for the colony 
to cover the plate for fliA (Fig. 3f). More complex dynamic parameters 
also encoded information; for example, the asymmetry of the colony 
front during swarming phases increased with IPTG for the lrp strain  
(Fig. 3g). These results suggest that dynamic parameters can potentially 
also be used to encode and decode information from these spatiotem-
poral patterns, and that in the future, strains can be chosen for a given 
application depending on the desired timescale of recording.

Multiplexed recording using a dual-input strain
To build a strain that could provide information about multiple inputs 
simultaneously, we induced a second swarming-related gene with the 
pBAD operon and promoter, transcribed in the presence of arabinose 
(Supplementary Fig. 2). Because swarming-related genes have inter-
dependent effects, we sought to try two genes that robustly changed 
distinct pattern features on their own. Thus, we built a dual-input strain 
with cheW expression induced by the pLac promoter and umoD expres-
sion induced by the pBAD promoter (Fig. 4a and Supplementary Fig. 2).  
Initial characterization of this strain demonstrated that its swarm pat-
terns indeed distinctly reflected the presence or absence of each input, 
unlike a combination of lrp and cheW (Fig. 4b and Supplementary Fig. 3). 
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Fig. 4 | Multicondition pattern encoding and deep-learning models for 
decoding. a, Dual-input swarming strain with IPTG-inducible expression of cheW 
and arabinose-inducible expression of umoD. b, Representative images of colony 
patterns produced by the dual cheW/umoD strain in response to combinations 
of IPTG and arabinose. c, Heatmaps of radially averaged profiles of the patterns 
in b. d–e, Mean colony area (calculated as percent of agar area in the flattened 
image) and coefficient of variation for all plates at each combination of IPTG and 
arabinose. From left to right, top to bottom, n = 41, 23, 27, 35, 22, 14, 31, 23 and 
26 plate images. f, Confusion matrix for the InceptionV3 model’s accuracy of 
predicting combinations of IPTG and arabinose concentrations from endpoint 
patterns unseen during training. Total available images per class were 26, 27, 
45, 22, 13, 26, 24, 27 and 31 by column from left to right in the matrix; an 80/20 
train/test split was used. Accuracy colors on the matrix represent a fraction of 
predicted test images per true class; clear squares represent 0. g, Visualization of 
the pixel attributions from the InceptionV3 model for representative, correctly 
predicted images of each class. Darker orange represents higher weight of 
that pixel on the final prediction. h, Schematic representation of encoding of 
environmental changes within developing flgM pattern. i, Example patterns of 

the flgM strain grown with 10 mM IPTG and moved between the benchtop and 
incubator. Arrows mark boundaries between regions of the pattern formed 
in different conditions, that is, the location of the colony edge at the time of a 
switch in conditions. Scale bar for the righthand image represents 0.5 cm, while 
the lefthand image is an uncropped standard-size Petri dish. j, Examples of 
the predicted boundary masks generated by the trained U-Net compared with 
ground truth annotations for the pattern images shown in (i), which were unseen 
during training. k, Schematic representation of copper-sensing strain pCopA-
flgM and location of spots in plate images. Representative images of colonies of 
indicated strains with added spots of copper at the indicated concentrations. 
l, Mean middle ring widths on the sides of the plates with added copper, 
normalized to the mean middle ring width for the same day 0 mM copper plates 
of the same strain. Individual points represent separate plates. n = 9, 9, 6 and 9 
plates for each of the two strains at 0, 10, 25 and 50 mM copper, respectively. 
Squares represent the means of the individual points, and error bars represent 
the standard deviation. From top to bottom: *P = 2.5 × 10−5, **P = 1.3 × 10−6, 
0.1 (NS), ***P = 3.9 × 10−5, ****P = 6.3 × 10−9 and *****P = 2.3 × 10−13. P values were 
calculated by one-way ANOVA.
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Representative radially averaged profiles were visualized as heatmaps 
for comparison (Fig. 4c). The plates imaged followed a characteris-
tic pattern at most of the conditions. Increasing IPTG from 0 mM to 
1 mM, inducing cheW expression, resulted in a visible decrease in 24-h 
colony radius, ring width and colony symmetry, as seen previously in the 
single-input strain. Meanwhile, increasing arabinose from 0% to 0.1% 
resulted in a highly symmetric pattern with initially semi-distinct, narrow  
rings giving way to the indistinct wide rings more characteristic of the 
single-input umoD pattern. The combination of IPTG and arabinose 
presence resulted in a similar pattern, with narrower inner rings giving 
way to wider outer rings, but with smaller colonies at 24 h and asymmet-
ric ring boundaries compared to those formed with arabinose alone.

To characterize the cheW and umoD combination patterns in more 
detail, a dataset of plate images at IPTG concentrations of 0, 2.5 and 
5 mM combined with arabinose at 0%, 0.1% and 0.2% was created. The 
average percent of the plate covered by the colony at each condition 
decreased with increasing IPTG and increased with the addition of  
arabinose (Fig. 4d). However, the increase of arabinose from 0.1% to 
0.2% had little effect on the colony area except at 2.5 mM IPTG (Sup-
plementary Fig. 2). Similarly, average radial CV as a measure of col-
ony asymmetry increased with the induced expression of cheW but 
decreased with the addition of arabinose inducing umoD expression 
(Fig. 4e and Supplementary Fig. 2).

As done previously for the single-input strains, a set of standard meas-
urements was then taken on each image in the dataset, and a nine-class 
multinomial regression model was fit on the output (Supplementary  
Fig. 4 and Supplementary Table 2). The model performed poorly, 
predicting almost all images as 0% arabinose, and the maximum AUC 
achieved was only 0.72. This result suggested that the dual-input strain’s 
patterns, involving interdependent swarm genes, were too complex for 
the previous feature measurement-based decoding method. However, 
the ease of distinguishing the patterns by the human eye suggested that 
deep-learning methods for image classification could prove useful for 
decoding the patterns. In particular, convolutional neural networks 
(CNNs) have clear applicability and have not yet been used to character-
ize macroscale bacterial swarm colony patterns. We anticipated that 
CNNs could learn to extract salient features from bacterial images and 
classify patterns to predict the image class.

We fine-tuned models, including the ResNet and Google Incep-
tionV3 networks, to classify images in the dataset into one of the nine 
classes (details in Supplementary Note on Computational Methods; 
Extended Data Fig. 7a,b and Supplementary Table 3). The models had 
been pretrained on ImageNet data, a common strategy in deep learn-
ing (Extended Data Fig. 7b)37. Here the fine-tuned Google InceptionV3 
model was able to successfully classify the majority of the images  
(Fig. 4f). An ROC curve was calculated (Methods) and the AUC was 0.96, 
a noticeable improvement from the multinomial regression model. 
Such models can also be characterized by ‘top-3’ accuracy, that is, when 
used to predict the three most likely classes of an image, whether one 
of the three is the correct class; the fine-tuned model achieved a top-3 
accuracy of 0.98. We observed that intermediate concentrations of 
IPTG and arabinose reduced the model’s accuracy due to two types of 
patterns forming at that condition, small dense colonies on some plates 
and colonies with larger asymmetric rings on other plates (Fig. 4f). 
Visualizing the pixel attributions of the model indicated the inoculum 
and inner rings had a large impact on the predictions, suggesting that 
these areas of the pattern were most affected by the induced expression 
of the different swarm genes (Fig. 4g). As the innermost portion of the 
colony was most critical to pattern prediction, pattern decoding may 
be possible after just a few hours of growth, rather than needing to wait 
for 24 h until the full plate is covered.

As the classification approach requires all potential concentrations 
to have been acquired in the training dataset, we also explored a deep 
regression-output approach to predict intermediate values that would 
provide more utility for future applications (Extended Data Fig. 7c,d).  

The previous dataset was combined with images acquired at additional 
concentrations of IPTG and arabinose. When the EfficientNetB2 archi-
tecture, pretrained on ImageNet and directed to produce a numerical 
output, was trained on a subset of this new dataset, it achieved mean 
squared errors of less than 0.1 on held-out validation and test subsets 
(Extended Data Fig. 7c) and was able to relatively accurately predict 
IPTG and arabinose over the range of concentrations seen (Extended 
Data Fig. 7d). Overall, these results suggest that our system can be 
used to encode and decode multiple inputs and that the use of deep 
networks along with transfer learning will enable decoding of complex 
pattern feature changes.

Decoding multicondition patterns with deep learning
After determining that our system could be used to encode more com-
plex information, we sought to explore its robustness, which would be 
key to its application in a real-world or field setting. We observed that 
our strains’ patterns were robust to environmental water and certain 
strains’ IPTG readouts were robust to changes in temperature (Extended 
Data Figs. 8 and 9 and Supplementary Table 4). On the other hand, 
we noted certain strains showed a distinguishable pattern change in 
response to changing temperature; we predicted that such pattern 
changes could be used to record a dynamically fluctuating environ-
ment during pattern formation. Therefore, we next aimed to determine 
whether an engineered strain could record such changing conditions 
and how these changes could be decoded from the endpoint pat-
tern, similar to the analysis of rings in a tree21. We used the flgM strain, 
which we had observed to form two strikingly different patterns in the 
presence of 10 mM IPTG in the incubator versus on the benchtop—a 
swarming-inhibited, ruffled and dense pattern in the incubator at 37 °C 
and a wide-ring, symmetric and less dense pattern on the benchtop at 
approximately 25 °C (Supplementary Fig. 5a). After inoculation, plates 
were first placed in one condition (that is, either the benchtop or the 
incubator); after some time, plates were switched to the second condi-
tion, and certain plates were switched a third time before the endpoint 
scans were captured (Fig. 4h). Plates were scanned before each switch, 
creating a dataset of 21 images. Representative pattern images are 
shown in Fig. 4i. This shift in environmental conditions resulted in the 
formation of rings alternating between indistinct, radially symmetric, 
wider rings and dense, asymmetrical, narrow rings, visible as bands 
on the polar-transformed images (Fig. 4j). In general, denser regions 
corresponded to incubator growth, while fainter regions with wider 
rings corresponded to benchtop growth.

To decode these alternating ring patterns, we first manually anno-
tated the dataset, creating ground truth masks of the boundaries mark-
ing the shift in the pattern corresponding to a shift in the environment. 
We then trained a U-Net model, a type of network frequently used for 
segmentation problems, pretrained on ImageNet to predict these 
boundaries given an input pattern image (details in Supplementary 
Note on Computational Methods)38. The model achieved above 95% 
training and validation accuracy and above 90% recall within the first 
25 epochs of training, showing that it could learn the features within the 
dataset (Supplementary Fig. 5b). Application of the trained model to 
previously unseen images resulted in the specific prediction of bounda-
ries matching the ground truth and noticeably did not simply highlight 
all ring boundaries (Fig. 4j). In the future, these predicted boundaries 
could potentially be used to back-calculate the time at which a given 
perturbation was experienced, by generating prior control measure-
ments of the time of formation of rings at different conditions. Taken 
together, these results demonstrated that our approach could be 
used to decode information about changing environments from the 
engineered strains’ patterns.

Engineering P. mirabilis to detect copper
We finally explored whether the engineered strains could be used to 
detect inputs beyond IPTG, arabinose, and environmental temperature 
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and humidity. We focused on the detection of heavy metals, given the 
innate resistance of P. mirabilis to certain heavy metals and previous 
microbial biosensor efforts39. We cloned the intergenic regions, con-
taining putative promoters, before the native P. mirabilis 7002 copA 
(copper-exporting P-type ATPase) and cadA (heavy metal-translocating 
P-type ATPase, for zinc, cadmium and mercury) onto the previ-
ously used pLac-gfp plasmid, replacing the pLac promoter region.  
A plate-reader experiment for GFP expression demonstrated that the 
copA promoter responded to the presence of increasing concentrations 
of copper from 0.001 mM to 1 mM and the cadA promoter responded 
to zinc (0.001–1 mM) and mercury (0.0001–0.1 mM), by increasing GFP 
expression during log phase growth (Extended Data Fig. 10a,b). We 
then replaced the gfp gene with flgM and explored the strain’s ability to 
read out a copper presence in spots of water, using a modified protocol 
involving spotting samples on top of the agar for greater applicabil-
ity (Fig. 4k). The pCopA-flgM strain visually recorded the presence of 
up to 50 mM copper in the water spots, with a graded change from 
0 mM to 50 mM in the ring widths and colony radii at the spot locations  
(Fig. 4k,l and Extended Data Fig. 10c,d).

Discussion
We have developed a proof-of-concept approach to engineering the 
spatial patterns of P. mirabilis for information encoding and decoding. 
To advance toward real-world applications, one important considera-
tion is the robustness of the system to environmental conditions. We 
observed that the IPTG readout of the current system was robust to 
varied temperatures (Extended Data Fig. 9) and background samples 
of natural water sources (Extended Data Fig. 8). To further control for 
noise as well as differences among sample types, we propose the use of 
a 2 × 2 design consisting of controls with a nonengineered strain along-
side the engineered strain, each with and without the sample of interest 
(Extended Data Fig. 8). Such controls would help determine relative 
changes in the pattern from conditions specific to the environment, as 
we observed in copper induction experiments (Fig. 4k,l and Extended 
Data Figs. 10c,d). For decoding, control images side-by-side with experi-
mental images could be fed to a classifier for use with deep models. 
Alternatively, an induction curve for the molecule to be sensed could 
be pregenerated to improve decoding from feature measurements.

Further engineering of strains, such as reducing promoter leaki-
ness, chromosomal integration and tuning of promoter strength with 
RBS modifications, could achieve tighter control over the final patterns 
for greater robustness to the environment and improvement of the 
limit of detection (LOD) for the molecule of interest40. For example, 
the LOD of the pCopA-flgM strain on the plate could potentially be 
decreased to the levels of surface water contamination, which have 
been measured up to the millimolar range, by using promoters tuned 
in this range, or approaches to modulate promoter sensitivities41,42. 
To improve decoding, we anticipate advances in segmentation and 
classification models will allow for the use of more complex spati-
otemporal patterns43. Transition from classification to regression 
approaches can enable the prediction of intermediate concentrations, 
allowing more freedom when generating training data. Although we 
aimed to standardize the data acquisition method in this work, aspects 
such as lighting and optics can be intentionally varied experimen-
tally to capture a more diverse dataset, applicable to a broader range  
of settings.

A notable feature of the P. mirabilis system is that pattern 
changes can easily be decoded by eye in comparison to other biosen-
sor approaches that may require additional laboratory equipment44. 
Furthermore, due to their periodic nature, swarming rings provide 
repeated measurements that can improve accuracy. The use of deep 
learning can increase granularity, while also being kept to lightweight 
formats suitable for mobile and low-cost devices. One limitation of 
the system is that pattern changes are controlled by the timescale of 
ring and colony formation, which require several hours to develop. 

However, slower colony development can indeed be useful to report 
on longer-term changes, and strains can be accordingly chosen for 
application-specific timing.

Beyond the application of heavy metal detection in water, the 
approach can be used to explore sensing other inputs, such as light, 
radiation or gaseous molecules, or to develop a longer-running 
recorder for changes in temperature or air quality. For example, pre-
viously characterized promoter systems in E. coli for the sensing of 
radiation and airborne nitric oxide can potentially be adapted for use 
in P. mirabilis45,46. Other species with natural swarming properties 
could be manipulated, such as Pseudomonas aeruginosa, Paenibacil-
lus vortex or Bacillus subtilis, and strains with slower swarming can be 
exploited to record over several days or weeks4,47,48. Beyond biosensing 
and recording, engineering bacterial swarming behaviors could be 
useful in applications ranging from living material assembly to in situ 
bacteria drug delivery49,50. The approaches developed here can, in 
turn, shed light on the growth dynamics and virulence of P. mirabilis 
and can be applied to understanding the coordinated and emergent 
behaviors of microbes.
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Methods
Bacterial strains and growth conditions
P. mirabilis ATCC 7002 was kindly provided by P. Rather (Emory Uni-
versity). E. coli Mach1 for cloning was purchased from Thermo Fisher 
Scientific. P. mirabilis 29906 was purchased from ATCC. P. mirabilis 
and E. coli were cultured in Luria-Bertani (LB) media (Sigma-Aldrich) 
supplemented with 50 μg ml−1 kanamycin as needed. P. mirabilis was 
grown on either 3% or 1.5% agar to suppress or allow for swarming, 
except for time-lapse assays as indicated. Plate-reader experiments 
were conducted with a Tecan Infinite 200 Pro using the i-control soft-
ware version 2.0.10.0. For the experiment presented in Extended Data 
Fig. 10a, overnight cultures were subcultured for 2 h, then diluted 1:2 
and transferred into the 96-well plate and supplemented with metals 
at the indicated concentrations (CuSO4, ZnCl2 and HgCl2).

Competent cell preparation
P. mirabilis (PM7002) cells and E. coli (Mach1) were made electrocom-
petent as follows. A fresh 2-ml overnight culture was subcultured 1:100 
in 50 ml LB media, then grown at 30 °C with shaking until the logarith-
mic growth phase was reached, indicated when the optical density 
at 600 nm (OD600) was 0.4–0.6. Growth was stopped by incubation 
of the culture on ice for 15 min. Cells were then pelleted by centri-
fuging for 10 min at 4 °C and 3,000g. After decanting, the pellet was 
washed three times in either 50 ml ice-cold filter-sterilized 10% glyc-
erol (P. mirabilis) or 50 ml ice-cold filter-sterilized water (E. coli), then 
resuspended in 220 μl 10% glycerol. Finally, 50 μl aliquots were stored  
at −80 °C.

Strain construction
A previously constructed pZE24 (pLac-gfp pConst-lacIQ) plasmid, con-
taining the ColE1 origin of replication and a kanamycin resistance cas-
sette, was used as the backbone for the inducible swarming plasmids. 
Plasmids and chromosomal P. mirabilis DNA were prepared using stand-
ard procedures (Qiagen). Swarming gene and copA/cadA promoter 
sequences were obtained from GenBank ( JOVJ00000000.1). Gibson 
primers were designed (Eton) to amplify the genes and promoter 
regions from the PM2006 chromosomal DNA via PCR (Phusion)51.  
A set of swarming plasmids was constructed using Gibson Assembly 
and standard restriction digest and ligation cloning to replace the gfp 
gene with the appropriate swarming gene. For plasmids that addition-
ally contained pBAD pConst-araC, the operon was obtained from the 
pBAD-mCherry pConst-araC plasmid (ATCC54630). The copA and cadA 
promoter regions were amplified from the chromosomal DNA prepara-
tion. After cloning plasmids into Mach1 E. coli, clones were verified via 
colony PCR (Phusion) and sequencing (Eton, Plasmidsaurus). Clones 
were then grown at 37 °C with shaking overnight before being stored 
in 50% glycerol at −80 °C. All strains, plasmids and primer sequences 
are listed in Supplementary Tables 5 and 6; plasmid maps are shown 
in Supplementary Fig. 6.

P. mirabilis transformation
Plasmid DNA was introduced into P. mirabilis competent cells as fol-
lows. Fifty microliter aliquots of competent cells were thawed on ice 
for 10 min. DNA was added to the cells (100–400 ng DNA in a volume of 
1–5 μl per aliquot). The mixture was then incubated on ice for 1 h. Cells 
were electroporated in prechilled electroporation 0.1 cm electrode 
gap cuvettes using a Bio-Rad MicroPulser set to E1 setting (1.8 kV) 
for bacterial electroporation. Cells were recovered by adding 1 ml 
prewarmed SOC (super optimal broth with catabolite repression, 
Thermo Fisher) media and incubated with shaking at 37 °C for 3 h. The 
cells were pelleted by centrifugation for 10 min at 4 °C and 3,000g, 
and 700 μl of the supernatant was decanted before resuspension in 
the remaining 300 μl. The cells were then plated on prewarmed 3% 
LB agar plates with antibiotics as necessary and incubated at 37 °C for 
22–24 h. Single colonies were inoculated into liquid culture (2.5 mL LB 

media with antibiotics as necessary), grown overnight with shaking  
at 37 °C, and fresh overnight cultures were stored in 50% glycerol  
at −80 °C.

Bacterial growth and swarm assay
Overnight liquid bacterial cultures were prepared by inoculating LB 
media with cells from the −80 °C glycerol stocks and supplement-
ing with 50 μg ml−1 kanamycin as appropriate. Cultures were incu-
bated at 37 °C with shaking for 12–16 h. The OD600 of each culture was 
measured and normalized to 1.0 by dilution with LB media. Swarm 
assays were optimized from a protocol adapted from the literature. 
A study to develop standard conditions is shown in Extended Data 
Fig. 1. Precise maintenance of the selected conditions was neces-
sary to achieve consistent results, as noted in previous work with  
P. mirabilis52. A freshly prepared solution of 1.5% agar was autoclaved, 
then cooled to 50–55 °C with stirring. As necessary, 5 μg ml−1 kanamycin,  
IPTG and/or arabinose were then added. Fifteen milliliters of agar was 
poured into each 100 × 15 mm Petri dish and left to solidify partially 
uncovered under an open flame or in a BSL-2 hood for 30 min. Two 
microliters of the previously diluted liquid culture was inoculated 
on the center of each Petri dish and dried for 15 min partially uncov-
ered under an open flame or in a BSL-2 hood. For the assays shown or 
analyzed in Fig. 4k and Extended Data Figs. 8 (environmental water) 
and 10c,d (copper sensing), the indicated inducer was spotted on the 
plates in 2 µl spots in a semi-circle around the inoculum, then left to 
dry concurrently with the inoculum (rather than being mixed into the 
molten agar). Where 0 inducer is specified, the same water was used 
but without added IPTG or metal. The environmental water samples 
(river water from the Hudson River in New York and ocean water from 
Venice Beach, California) in Extended Data Fig. 8 were supplemented 
with 1 M IPTG and then filtered with a 0.22 μm syringe filter (BD). The 
plates were incubated at 37 °C for 24 h, except for time-lapses and 
temperature-varying experiments described in Fig. 4h–j and Extended 
Data Fig. 9. Incubator humidity typically varied between 50% and 80% 
during the course of experiments.

Plates were individually imaged using a scanner (Epson Perfec-
tion V800 or V850 Pro Photo Scanner) set to 24-bit Color and 400 
dpi, with the lid off and the colony side facing up. The scanner was 
kept on the benchtop, and ambient lighting was similar during 
all experiments; other scanner settings were also kept constant 
between experiments. For greater visibility, a consistent contrast 
increase and −20% saturation were applied to all colony scans 
shown in the figures, but the analysis was done on raw images  
(Extended Data Fig. 3b).

Time-lapses
For time-lapses on the benchtop (room temperature), up to six plates 
with 20 ml (1.3%) LB agar were inoculated and placed on the flatbed 
scanner using the previously described settings. The plates were kept 
upside down to prevent condensation and with lids on to prevent 
contamination. A custom AppleScript was written to scan plates every 
10 min for a preset length of time (typically 48–72 h). Typical benchtop 
conditions were 25 °C and 40–50% humidity.

Computational methods overview
Image processing and statistical analysis were done in MATLAB R2022B 
(Mathworks), with a combination of built-in and custom-written func-
tions. In general, most image analyses were done on polar transfor-
mations of the plate images (Extended Data Fig. 3). Deep-learning 
models were implemented in Tensorflow (v2.8) and Pytorch (v1.7), 
with preprocessing in MATLAB and Python; the ring-boundary seg-
mentation model used for measurements of the pCopA-flgM strain’s 
rings, as well as those for the pLac-flgM strain grown at 34, 36 and 37 °C 
(Extended Data Fig. 9b), was trained previously53. Full details are given in  
Supplementary Note on Computational Methods.
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Statistical analysis and regression
Statistical tests were calculated, and data were plotted either in 
MATLAB or in Python. R2 values of pLac-cheW strain colony radii and 
ring widths were calculated with MATLAB’s fitlm function, which fits 
a linear regression model. P values shown in Fig. 4l were generated 
using MATLAB’s multcompare, and those shown in Fig. 3f, Supplemen-
tary Fig. 2b and Extended Data Fig. 9b were generated with the ttest2 
function (two-tailed). The exact statistical powers of two-sample, 
two-tailed t-tests (for pairwise comparisons of 0 mM and 10 mM 
IPTG at 34, 36 and 37 °C, as shown in Supplementary Table 4) were 
calculated using MATLAB’s extpowerStudent function on MathWorks 
FileExchange, which employs the noncentral cumulative distribu-
tion function. Latex tables of results were generated using Over-
leaf. Multinomial regression models were fit to the measurements 
using the mnrfit function in MATLAB, returning the coefficients and  
P values in Supplementary Table 1. The functional form of mnrfit is 
a ‘proportional odds model’ (log of the change in the response vari-
able = sum of each coefficient × predictor variable + the intercept). 
For the single-input strain data used in Fig. 2h, each flattened image 
was divided into four sectors (each 250 pixels wide), and measure-
ments were taken on each sector to increase the number of measure-
ments available so that model fitting could converge. The models 
were evaluated using the multiClassAUC function on MathWorks  
FileExchange, which implements the Hand and Till function for 
the AUC for multiclass problems54. The AUC for the InceptionV3 
model was calculated using a function from scikit-learn, metrics.
roc_auc_score.

Reporting summary
Further information on research design is available in the Nature  
Portfolio Reporting Summary linked to this article.

Data availability
Compressed folders of lower-resolution versions of the images 
generated and analyzed during this study are uploaded on 
GitHub and publicly available at https://github.com/daninolab/
proteus-mirabilis-engineered, DOI: 10.5281/zenodo.7637609;  
the time-lapses are uploaded as videos. The full, several-hundred- 
gigabyte dataset of the original high-resolution images is not publicly 
available due to large file sizes preventing them from being stored on 
GitHub. The high-resolution images are available for sharing upon 
request from the corresponding author (T.D.).

Code availability
The codes used in this study are deposited at GitHub at https://github.
com/daninolab/proteus-mirabilis-engineered, https://doi.org/10.5281/
zenodo.7637609.
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Extended Data Fig. 1 | Selection of conditions. a. Representative colony images 
for different P. mirabilis strains, temperatures, and agar hardness after 24 hours 
of growth. b. Heatmaps of radially averaged profiles of PM7002 colonies at a 
range of IPTG concentrations (each profile represents an individual colony). 

Light green represents lowest pixel intensity (highest colony density), arbitrary 
units. c. PM7002 with pTac-gfp plasmid was grown at a range of kanamycin 
concentrations for 24 hours. Representative images of fluorescence taken under 
blue-light transilluminator are shown.
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Extended Data Fig. 2 | Induction of pLac promoter in P. mirabilis. a. Fresh 
overnight cultures of PM7002 with pLac-gfp plasmid were subcultured with 
50 μg/ml kanamycin, grown for 0–8 hours, and induced with a range of IPTG 
concentrations. The mean GFP intensity (arbitrary units, shown as the line plot) 
after subtracting background fluorescence and normalizing to OD600 is plotted 
for each group; error bars indicate standard deviation (n = 3 for each). Bottom 
right panel: Peak fold change in fluorescence from uninduced (0 mM IPTG) 

groups is plotted for each group induced at a different time after subculturing 
(symbols represent mean of three replicate wells, individual data shown in (a). 
Maximal expression of around 3-fold was consistent with literature55. b. Images 
of PM7002 pLac-gfp strain plates grown with either 0 or 1 mM IPTG, imaged after 
24 hours under blue-light transilluminator. c. 24-hour colony radii of pLac-gfp 
strain at various concentrations of IPTG; each dot represents a plate. Plate images 
are from different days.
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a

b

Extended Data Fig. 3 | Image processing. a. Petri dishes were scanned at 
high resolution. The Petri rim was identified and cropped out using MATLAB 
functions. Images were thresholded to show only the colony inoculum, and the 
center point was identified using MATLAB functions. Images were converted 

from Cartesian to polar coordinates with interpolation, and the flattened images 
were used for subsequent analysis. See Supplementary Note on Computational 
Methods for details. b. A representative raw image and enhanced-contrast 
version showing the adjustment which was made for images shown in figures.
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Extended Data Fig. 4 | Range of patterns formed. a. PM7002 strains with indicated inducible swarm plasmids were grown for 24 hours at a range of IPTG 
concentrations. Representative images of three replicates are shown. b. Closeups of patterns formed at 0 mM IPTG.
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Extended Data Fig. 5 | Quantification of engineered colony patterns.  
a. Quantification of aspects of colony patterns of engineered strains at increasing 
IPTG concentrations, measured as in Fig. 2e-g and as shown in the schematics 
below each graph. All strains had at least n = 3 plates measured at each IPTG 
concentration. Error bars represent standard error of the mean (s.e.m).  

b. Confusion matrices of the fitted models’ performance on each dataset; 
matrices are labeled with numbers of plate sectors (see Supplementary Note on 
Methods for details). Classes 1–3 represent 0 up to but not including 1 mM IPTG,  
1 up to but not including 5 mM IPTG, and 5 up to and including 10 mM IPTG.
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Extended Data Fig. 6 | Dynamics of pattern formation. Plots of dynamic 
characteristics of engineered strains vs IPTG concentration, measured from one 
to two time-lapses per condition, per strain. Individual dots represent individual 
time-lapses (lag times) or individual phases in all time-lapses (consolidation 
and swarm phase lengths, swarm speeds). Lines represent the mean of these 

individual measurements. Middle swarm and consolidation phase lengths were 
determined by discarding the measurements of the first and last of these phases 
for each time-lapse, or discarding the last phase if the time-lapse had only two of 
the given phase.
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Extended Data Fig. 7 | Performance of CNNs on classification and regression 
tasks. a. Training and validation accuracy and loss for a CNN model which had 
three convolutional/max pooling blocks, trained on the dataset of images of 
the dual-input strain at various IPTG and arabinose conditions (same dataset 
as in Fig. 4f). b. Fine-tuning of three architectures pretrained on ImageNet; 
righthand panels represent models’ ability to identify the correct image class 
within its top three predicted classes. c. Learning curves of EfficientNet model 

trained on the dual-input pattern images with regression output. Loss = mean 
squared error; mean absolute error shown for further detail. d. Predictions of 
the trained model evaluated on images not seen in the original training dataset. 
Dotted lines represent location where predictions would match the true values. 
Error bars represent root mean squared error on the predictions for each given 
concentration.
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Extended Data Fig. 8 | Visual IPTG readout is robust to natural water samples. 
a. Proposed controls for natural samples. b. Representative images of colonies 
grown with either river water only or river water with 5 mM IPTG throughout 

the plate. c. Representative images of colonies grown with natural water sample 
spots with and without IPTG (1 M) as indicated. Schematic indicates location of 
natural water droplets on plate relative to colony inoculum.

http://www.nature.com/naturechemicalbiology


Nature Chemical Biology

Article https://doi.org/10.1038/s41589-023-01325-2

ba

c

37 36 34
Temperature (C)

0.2

0.3

0.4

0.5

0.6

M
ea

n 
w

id
th

 o
f �

rs
t r

in
g 

(c
m

)

IPTG readout at di�erent temperatures

0 IPTG
10 IPTG

****
**

**

High Low

Predicted IPTG

H
ig

h
Lo

w
Tr

ue
 IP

TG

15 0

2 18

PM PFT predictions on cheW images

0

2

4

6

8

10

12

14

16

18

WT cheW
- +

�gM
- + - +IPTG

37
o C

36
o C

34
o C

1 5 9 13 17 21 25 29 33 37 41
Epoch

0.0

0.2

0.4

0.6

0.8

1.0

Lo
ss

Categorical cross-entropy loss
Train PM FFT
Val PM FFT
Train PM FFT Aug
Val PM FFT Aug
Train PM PFT
Val PM PFT
Train PM PFT Aug
Val PM PFT Aug

Train IN FFT
Val IN FFT
Train IN FFT Aug
Val IN FFT Aug
Train IN PFT
Val IN PFT
Train IN PFT Aug
Val IN PFT Aug

1 5 9 13 17 21 25 29 33 37 41
Epoch

0.6

0.7

0.8

0.9

1.0

Ac
cu

ra
cy

Categorical accuracy

1 5 9 13 17 21 25 29 33 37 41
Epoch

0.6

0.7

0.8

0.9

1.0

AU
C

AUC

Extended Data Fig. 9 | Qualitative and quantitative IPTG readouts are robust 
to growth at different temperatures. a. Representative images of colonies 
grown at the indicated temperature. Each pair of 0 and 10 mM IPTG colonies of a 
given strain were collected on the same day. b. Width of the first colony ring of the 
pLac-flgM strain grown at the indicated conditions. n = 10 plates (37 °C, 0 IPTG); 
9 plates (37 °C, 10 mM IPTG); 4 plates (36 °C, 0 IPTG); and 5 plates each at (36 °C, 
10 mM IPTG), (34 °C, 0 mM IPTG), and (34 °C, 10 mM IPTG). Error bars represent 
s.e.m. P = 2.42e-06 (37 °C), 3.59e-03 (36 °C), and 0.001 (34 °C) for the comparison 

between 0 vs 10 mM IPTG, calculated with a two-tailed t-test. c. Learning 
processes of the SwinTransformer model variants for classifying pLac-cheW 
images acquired at 37 °C into low vs high IPTG (curves legend: ‘PM’ = P. mirabilis-
pretrained, ‘IM’ = ImageNet-pretrained; ‘FFT’ = fully fine-tuned, ‘PFT’ = partially 
fine-tuned; ‘Aug’ = trained with augmentations). Confusion matrix shows 
absolute, pooled accuracy of the highest-performing model (PM PFT) evaluated 
on the held-out test set of 37 °C, 36 °C, and 34 °C pLac-cheW images. Numbers on 
the matrix indicate number of images in the given category.
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Extended Data Fig. 10 | Engineering metal-sensing strains of P. mirabilis. 
a. Maximum fold change of GFP, expressed from either pCopA or pCadA, 
achieved over the course of 17 hours at the indicated concentration normalized 
to uninduced wells, in plate reader. b. GFP fluorescence at 17 hours (end of 
experiment) for each concentration of each metal by strain. GFP fluorescence 
was calculated by subtracting background fluorescence value and dividing the 
raw fluorescence value by the media-background-subtracted OD600 value for 
the same well. In (a) and (b) dots represent individual wells. c. Colony radius 

of the copper-induced side of the plates, as shown in Fig. 4k. d. Lefthand plot: 
mean of the middle ring widths (that is, neither innermost nor outermost) of the 
colonies on the sides with copper. Each open circle represents a separate plate. 
Righthand plot: the same measurements normalized to the same day gfp strain’s 
measured mean widths at the given concentration. (c) and (d) show alternative 
representations of the data plotted in Fig. 4l; as in that figure, n = 9, 9, 6, and 9 
plates for each of the two strains at 0, 10, 25, and 50 mM copper, respectively. 
Data are presented as mean values +/− standard deviation.
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