
HAL Id: hal-03856397
https://hal.science/hal-03856397v1

Preprint submitted on 17 Nov 2022

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépôt et à la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche français ou étrangers, des laboratoires
publics ou privés.

A taste for numbers: Caenorhabditis elegans foraging
follows a low-dimensional rule of thumb

Gabriel Madirolas, Alid Al-Asmar, Lydia Gaouar, Leslie Marie-Louise, Andrea
Garza-Enriquez, Mikail Khona, Christoph Ratzke, Jeff Gore, Alfonso

Pérez-Escudero

To cite this version:
Gabriel Madirolas, Alid Al-Asmar, Lydia Gaouar, Leslie Marie-Louise, Andrea Garza-Enriquez, et al..
A taste for numbers: Caenorhabditis elegans foraging follows a low-dimensional rule of thumb. 2022.
�hal-03856397�

https://hal.science/hal-03856397v1
https://hal.archives-ouvertes.fr


1 
 

A taste for numbers: Caenorhabditis elegans foraging follows a low-dimensional rule of thumb 1 

Gabriel Madirolas*1, Alid Al-Asmar*1, Lydia Gaouar1, Leslie Marie-Louise1, Andrea Garza-Enriquez1, 2 

Mikail Khona2, Christoph Ratzke2,3, Jeff Gore2, Alfonso Pérez-Escudero1,2 3 

1 Research Centre on Animal Cognition (CRCA), Centre for Integrative Biology (CBI), Toulouse University, 4 

CNRS, UPS, Toulouse 31062, France. 5 

2 Physics of Living Systems Group, Department of Physics, Massachusetts Institute of Technology, United 6 

States 7 

3 Interfaculty Institute for Microbiology and Infection Medicine Tübingen (IMIT), Cluster of Excellence 8 

EXC 2124 “Controlling Microbes to Fight Infections” (CMFI), University of Tübingen, Calwerstrasse 7/1, 9 

72076 Tübingen 10 

Abstract 11 

Rules of thumb are behavioral algorithms that approximate optimal behavior while lowering cognitive 12 

and sensory costs. One way to reduce these costs is by reducing dimensionality: While the theoretically 13 

optimal behavior may depend on many environmental variables, a rule of thumb may use a low-14 

dimensional combination of variables that performs reasonably well. Experimental proof of a 15 

dimensionality reduction requires an exhaustive mapping of all relevant combinations of several 16 

environmental parameters, which we performed for Caenorhabditis elegans foraging by covering all 17 

combinations of food density (across 4 orders of magnitude) and food type (across 12 bacterial strains). 18 

We found a one-dimensional rule: Worms respond to food density measured as number of bacteria per 19 

unit surface, disregarding other factors such as biomass content or bacterial strain. We also measured 20 

fitness experimentally, determining that the rule is near-optimal and therefore constitutes a rule of 21 

thumb that leverages the most informative environmental variable. 22 

Introduction  23 

Sophisticated and highly optimal outcomes of animal behavior often emerge from simple rules, called 24 

rules of thumb.1–7 For example, some ants seem to be able to measure the area of a potential nest, yet 25 

they are in fact implementing a simpler algorithm: They move randomly inside the potential nest, 26 

counting the number of intersections with their own path (which is marked with pheromones). This 27 

number of intersections correlates inversely with the area, so this simple rule of thumb provides a near-28 

optimal response while being easy to implement.2 Identifying these rules of thumb is key to link the 29 

neural and mechanistic implementation of animal behavior to the selective pressures that shape it.8 30 

While most of the rules of thumb studied so far focus on simplified mechanisms to acquire and process 31 

information, decisions can also be simplified by lowering the dimensionality of the input variables. For 32 

example, optimal food choice may require considering simultaneously many variables such as the 33 

density of each food source, its composition in terms of many different nutrients, the spatial distribution 34 

of different food sources, etc. Processing all these variables separately is costly, so a rule of thumb may 35 

disregard the less informative variables and combine the rest into one or a few quantities that 36 

determine the decision. While numerous studies identify variables that dominate behavior9, 37 

demonstrating a true reduction of dimensionality requires showing that any combination of variables 38 

that leads to the same point in the low-dimensional space produces the same response. This is 39 
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challenging, first because behavioral experiments tend to have a large variability which may hide small 40 

effects, and second because a convincing proof must test systematically a large number of equivalent 41 

combinations. Reaching at the same time high accuracy and a high number of combinations is beyond 42 

the experimental throughput in most behavioral experiments. 43 

To address these challenges, we developed a high-throughput pipeline to study the foraging behavior of 44 

the nematode Caenorhabditis elegans. We focused on foraging (i.e. search and exploitation of food) 45 

because it has a clear impact on fitness, the degree of success is relatively easy to measure (in terms of 46 

rate of food consumption), and it is thoroughly studied from a theoretical point of view.10 Thanks to C. 47 

elegans’ high offspring and small size, we could perform experiments with more than 20 000 age-48 

synchronized individuals in more than 2 000 experimental arenas Besides allowing for high experimental 49 

throughput, C. elegans’ small nervous system (~300 neurons), makes it an ideal candidate to implement 50 

true low dimensional rules of thumb, while its foraging behavior is complex enough to implement the 51 

basic elements of optimal foraging, with well adapted behaviors for exploration11–18, learning19–22, and 52 

feeding23–34. 53 

We systematically characterized C. elegans’ response to food, covering all relevant combinations of food 54 

density (across 4 orders of magnitude, from starvation to rich environment) and food composition 55 

(across 12 different bacterial strains, from 11 diverse species). Different bacterial strains differ in their 56 

composition in terms of many different molecules, as well in their size, shape and mechanical 57 

characteristics, encompassing a high number of variables. Despite this high degree of complexity, our 58 

experiments revealed that C. elegans response to all bacterial strains follows a universal one-59 

dimensional trend.  60 

Results 61 

C. elegans’ reaction to food density follows a sigmoidal trend 62 

Our experimental setup consisted of round agar plates with 5 food patches of different densities, 63 

arranged as a regular pentagon (Figure 1a). C. elegans is a bacteriophage, and each food patch was a 64 

drop of bacterial culture whose density had been carefully adjusted by measuring its optical density 65 

(OD). Approximately 10 young adult worms were placed at the center of the plate, equidistant to all 66 

food patches, and freely explored the environment for 2 hours, a time that was short enough to prevent 67 

significant food depletion, but long enough for patch occupancy to be roughly constant at the end of the 68 

experiment. To ensure repeatability and sufficient throughput, both the food patches and the worms 69 

were placed on the plate by a pipetting robot (see Methods for further details). 70 

A key challenge was to study a wide enough range of bacterial densities, because placing patches of very 71 

different densities on the same plate leads to noisy data: Worms accumulate on the high-density 72 

patches, leaving very few individuals to assess the low-density range. We solved this challenge by 73 

performing several experiments covering smaller and overlapping density ranges. We then normalized 74 

the number of worms in each experiment with respect to a reference, to obtain a relative number of 75 

worms comparable across conditions (Figure S1 and Methods).  76 

We found that the relative number of worms at a food patch increases with its bacterial density 77 

following a sigmoidal trend, best visualized a double-logarithmic plot (Figure 1b). While our results are 78 

qualitatively comparable to previous studies18,25,31,33, our high throughput enabled a quantitative 79 
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description and revealed that C. elegans’ preference is well described by a mathematical formula with 80 

three parameters (Figure 1c; Equation 1 in Methods): The height of the sigmoid (called 𝐻 and defined as 81 

the ratio between the number of worms at the high and low density extremes), the speed at which the 82 

number of worms increases with bacterial density (called 𝑘 and defined as the slope at the sigmoid’s 83 

midpoint), and the bacterial density at which the sigmoid starts to grow (called 𝐷attract and defined as 84 

the density at which the number of worms reaches 5-fold the number of worms found at a control patch 85 

without bacteria). We can understand this last parameter as the minimum bacterial density needed to 86 

attract the worms significantly, so we called it “attraction density”. After fitting these three parameters, 87 

our sigmoid describes the experimental data remarkably well (Figure 1b, black line). 88 

C. elegans’ response follows the same trend for all bacterial strains 89 

To investigate whether our results are applicable to different types of food, we performed our 90 

experiments with 12 different strains, distributed across 11 species and 7 families. Five of these strains 91 

are common in C. elegans studies, while the remaining 7 strains are bacteria that we isolated from the 92 

gut of C. elegans (see Methods). 93 

We found that the responses of C. elegans to all bacterial strains can be described by our sigmoidal 94 

equation, after fitting its three parameters independently for each strain (Figure 1d and Figures S2, S3). 95 

To quantify the overall goodness of this fit, we compared the proportion of worms at each food patch 96 

for each experimental condition with the predictions of our sigmoidal model (Figure S1b). We obtained 97 

an excellent agreement, with our model describing 93% of all experimental variance (Figure 1e). 98 

We now turn to the dimensionality of the rule we found. We define dimensionality as the number of 99 

variables needed to describe how behavior changes in response to environmental change. Note that this 100 

definition is not necessarily the same as the total number of parameters of the model, because hard-101 

wired parameters don’t count. In other words, we define the dimensionality as the number of 102 

parameters that need to be re-fit when the environment changes. The rationale of this definition is that 103 

it helps identify information bottlenecks: While our model is purely behavioral and does not intend to 104 

describe C. elegans’ neural computations, the discovery of a low-dimensional rule that describes a wide 105 

range of experimental conditions would suggest an information bottleneck in C. elegans’ nervous 106 

system.  107 

According to this definition, our current model has dimensionality 4, since changing a food patch may 108 

lead to changes in any of the 4 parameters of our model:  The density of the food patch (𝐷), and the 109 

three parameters of the sigmoid (𝐻, 𝑘, 𝐷attract), which may change from one bacterial strain to another. 110 

Therefore, while bacterial patches may differ in a myriad of parameters (their density, the size and 111 

shape of the bacteria, their hardness, their chemical composition, etc.), the impact of all these 112 

differences on patch occupancy must eventually reduce to changes in one or several of these four 113 

parameters. However, we asked if we could find an even simpler rule that still described our dataset 114 

with high accuracy. 115 

 116 

 117 
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 118 

Figure 1. C. elegans’ response to bacterial density follows a universal sigmoidal trend. a. Experimental 119 
scheme: Worms are placed at the center of a regular pentagon formed by 5 food patches of different densities. After 120 
2 hours of exploration, worms located at each food patch are counted. b. Relative number of worms found at each 121 
food patch, as a function of bacterial density in the food patch (D). Squares: Experimental data for E. coli OP50; 122 
errorbars show the 95% confidence interval, computed via bootstrapping. Line: Fitted sigmoid, following Equation 1 123 
in Methods. c. Sigmoid’s parameters: 𝐻 is the ratio between the number of worms at the high and low density 124 

extremes, 𝑘 is the slope at the sigmoid’s midpoint, and 𝐷attract is the density at which the number of worms reaches 125 

5-fold the low-density baseline. d. Same as (b), but for all bacterial strains and without errorbars (see Figure S2 for 126 
separate plots for each strain and Figure S3 for the parameters of all sigmoids) e. Measured proportion of worms in 127 
each food patch, versus proportion predicted by the sigmoid, fitted to each strains (Equations 1 and 2). Errorbars 128 
show the 95% confidence interval, computed via bootstrapping. f. Relative number of worms found at each food 129 
patch, as a function of effective density (𝐷/𝐷𝑎𝑡𝑡𝑟𝑎𝑐𝑡). Black line: Sigmoid with 𝐻 = 146, 𝑘 = 1.4.  g. Same as (e), 130 
but with predictions made using effective density and the same sigmoid for all strains. 131 

 132 

 133 
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C. elegans responds to an effective bacterial density  134 

The sigmoids shown in Figure 1d look remarkably similar, their biggest difference being a horizontal 135 

shift, which is controlled by the attraction density (𝐷attract). Indeed, we found that differences across 136 

bacterial strains in parameters 𝐻 and 𝑘 are small, while 𝐷attract  differs up to 50-fold across strains 137 

(Figure S3).  138 

We hypothesized that C. elegans might address the differences across bacterial strains simply by 139 

computing an effective density and reacting to it. We defined effective density as 𝐷/𝐷attract, and found 140 

that this re-scaling of bacterial density removed most of the differences across bacterial strains (Figure 141 

1f). We therefore re-fitted all our data with a single sigmoid, and found that we can describe all strains 142 

with the same parameters (𝐻 = 146, 𝑘 = 1.4, black line in Figure 1f). This common sigmoid describes 143 

all our data almost as accurately as the separate fits (Figure 1g).  144 

The rule describing C. elegans behavior is thus reduced to one dimension, since now the sigmoid’s 145 

parameters 𝐻 and 𝑘 do not depend on the environment (i.e. they can be hard-wired), and the effective 146 

density 𝐷/𝐷attract is the only variable that needs to change when the environment changes.  147 

 148 

149 
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 150 

Figure 2. Attraction to each strain correlates with fitness benefit. a. Experimental scheme to estimate fitness: A 151 
single worm was placed in the middle of a food patch, and surrounded by a copper ring to prevent it from escaping. 152 
Five hours later, the number of eggs was counted. b. Number of eggs laid after 5 hours on a food patch of DA1885, 153 
as a function of the density of the food patch (open circles). Solid horizontal line: Average number of eggs when no 154 
food was present. Dashed horizontal line: Threshold chosen to determine when the number of eggs increases with 155 
respect to the no-food baseline. Solid dot: Point at which the number of eggs crosses the threshold, which defines 156 
𝐷fitness. c. Same as (b), but for 11 bacterial strains and without errorbars. d. Density at which worms start laying 157 

more eggs  (𝐷fitness), versus density at which worms start being attracted to a food patch (𝐷attract). Line indicates 158 

perfect proportionality between the two variables (𝐷fitness = 0.2𝐷attract; the value of the proportionality constant has 159 

little consequence, since it depends on the thresholds chosen to define 𝐷attract and 𝐷fitness). Color and shape of all 160 

markers identify bacterial strain, following the legend in Figure 1. All errorbars show 95% confidence intervals, 161 
calculated via bootstrapping. 162 

  163 
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Preference correlates with fitness gained from each strain 164 

We then asked whether C. elegans’ response was well adapted to choose the food patches that 165 

maximize its fitness. We used offspring as a proxy of fitness, counting the number of eggs laid by an 166 

individual worm that feeds on a food patch for 5 hours. In order to remove the effect of food preference 167 

as much as possible, we encircled the food patch with a copper ring that prevented the worm from 168 

escaping, forcing it to stay on the food patch regardless of its preference (Figure 2a). We measured this 169 

proxy of fitness for every bacterial strain and over a wide range of densities, and found that it increases 170 

sharply at a given food density that we called 𝐷fitness, and stabilizes at higher densities (Figure 2b).  171 

Fitness increases with bacterial density following a similar trend for all strains, the main difference being 172 

a shift in the density at which the increase takes place (𝐷fitness) (Figure 2c). Therefore, an optimal 173 

behavioral response should also follow the same trend for all strains with a shift in density, which is 174 

what we found for patch occupancy (Figure 1). The question is whether the density shifts in food 175 

preference (characterized by the attraction density 𝐷attract) correspond to those found in fitness 176 

(characterized by 𝐷fitness). We found this to be the case: 𝐷fitness and 𝐷attract are proportional (p = 0.03, 177 

linear regression), which in a log-log plot corresponds to a line with slope 1 (black line in Figure 2d).   178 

Three outliers deviate from the general trend (Figure 2d). One of these outliers is E. coli OP50, which 179 

was also used to feed the worms before the experiment. This previous experience might explain the 180 

deviation, as it might increase the worms’ preference for OP50 with respect to unfamiliar strains19,21. 181 

The other two outliers (Bacillus safensis CR164 and Pseudomonas viridiflava CR90) cannot be explained 182 

in this way, and are probably due to factors that impact fitness but are neglected by the worms. These 183 

deviations suggest that C. elegans’ behavior is near-optimal but not perfectly optimal, although we must 184 

keep in mind that we only measure a proxy for fitness (number of eggs laid in 5 hours), and a more 185 

accurate measurement of fitness might partially explain the outliers. In any case, we conclude that C. 186 

elegans is using a rule of thumb, focusing on cues that allow it to adapt its behavior to most strains, and 187 

probably neglecting others that would be relevant for the outliers.  188 

Biomass content does not drive food choice 189 

We next asked what sensory cues determine the observed rule of thumb. The amount of food eaten 190 

should be the main driver of foraging behavior, and the amount of food actually available for the worms 191 

might be different for different strains, even at the same OD. OD measures the amount of light absorbed 192 

by a bacterial culture and is proportional to biomass density for a given bacterial strain. However, 193 

different bacterial strains have different cell size, shape and composition, which affect light transmission 194 

through the culture. Therefore, cultures of different strains at the same OD may have different biomass 195 

density. We hypothesized that the different values of attraction density (𝐷attract) in terms of OD might in 196 

fact reflect the same density threshold in terms of biomass. 197 

To measure biomass density of each bacterial strain, we determined the relation between biomass 198 

content and OD. We did this by measuring the weight of dry biomass left after evaporating all the water 199 

contained in bacterial cultures of all our strains. If biomass differences were to explain our results, we 200 

should find an inverse relationship between biomass content and 𝐷attract, because strains with twice as 201 

much biomass at OD=1 should have an effective density twice as large, and therefore their attraction 202 

density (𝐷attract) should be halved.  203 
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While we did find a slight negative correlation (p=0.05, linear regression) between biomass content and 204 

𝐷attract, this correlation is far too weak to explain the differences across bacterial strains: Biomass 205 

density changes by less than 3-fold across different strains, while 𝐷attract changes up to 50-fold (Figure 206 

3a; if differences in biomass density were to explain differences in 𝐷attract, the datapoints should follow 207 

the black diagonal, which has slope -1 in this log-log plot). Therefore, biomass density is not the main 208 

driver of food choice in C. elegans. 209 

Cell density drives food choice 210 

Next, we hypothesized that cell density might be driving the preference. For the same reasons discussed 211 

in the previous section, different bacterial strains will have different cell density (i.e. number of cells per 212 

unit volume) at the same OD. We determined the cell density in our cultures by a combination of plating 213 

and microscopic observations (see Methods). As for biomass, we expected to find an inverse relation 214 

between 𝐷attract and cell density at OD=1.  215 

We found an excellent inverse correlation between 𝐷attract and cell density at OD=1 (p=0.002, linear 216 

regression), and in this case the correlation was strong enough to explain all the variability in 𝐷attract 217 

(Figure 3b). This result indicates that the effective density that drives C. elegans behavior is simply 218 

bacterial density, but measured in number of cells per unit of volume (or number of cells per unit of 219 

surface, once the bacteria are placed on the surface of the agar plate). We confirmed this fact by 220 

plotting our original data with the bacterial density measured in cells/mm2, and finding that all sigmoids 221 

collapse to a great extent (Figure 3c).  222 

Therefore, a one-dimensional rule that characterizes a food patch exclusively by its density in cells/mm2 223 

(making no distinction across bacterial strains), describes the experimental results with high accuracy 224 

(Figure 3d). However, we do find a slight drop in accuracy: Our previous model explained 90% of all 225 

experimental variance (𝑅2 = 0.9, Figure 1g), while the current one explains 80% of it (𝑅2 = 0.8, Figure 226 

3d). This drop in accuracy probably comes from a combination of two issues: First, other factors besides 227 

bacterial cell density may contribute to the effective density that drives C. elegans’ behavior, so this 228 

drop in accuracy may reflect actual biological complexity. Second, our current model has substituted the 229 

𝐷attract that were fit to our behavioral results for an independent measurement of the cell density of 230 

each bacterial strain, and the experimental inaccuracies of this separate measurement must necessarily 231 

reduce the accuracy of the overall fit.  232 

In any case, our results robustly indicate that at least 90 % of C. elegans’ response to bacteria is driven 233 

by a one-dimensional rule of thumb (Figure 1g), and at least 80 % of the response can be explained by a 234 

single environmental variable (bacterial cell density, Figure 3d), which is the most informative one in 235 

terms of fitness benefit (as compared to alternatives, such as biomass density). 236 

 237 

  238 
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 239 

Figure 3: C. elegans’ rule of thumb is driven by the number of bacteria per unit surface. Color and shape 240 

of markers identify bacterial strains (see legend in Figure 1). a. Biomass density for each strain at OD=1 (measured 241 
in grams of dry weight, gDW, per liter), versus its attraction density (𝐷attract). Black line: Inverse relation (proportional 242 

to 1/𝐷attract), which would indicate that biomass density is responsible for the observed differences in 𝐷attract. b. 243 

Number of cells per microliter at OD=1 for each strain, versus 𝐷attract for each strain. Black line: Inverse relation 244 

(proportional to 1/𝐷attract), which would indicate that the number of cells is responsible for the observed differences 245 

in 𝐷attract. c. Relative number of worms found at each food patch, as a function of bacterial density (measured in 246 

cells/mm2) in the food patch. Black line: Sigmoid, fitted to all strains. d. Measured proportion of worms in each food 247 
patch, versus proportion predicted by the sigmoid in (c). Errorbars show the 95% confidence interval, computed via 248 
bootstrapping.  249 

 250 
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Response to mixed food patches confirm our results 251 

Our results indicate that C. elegans simply measures the number of bacteria encountered per unit 252 

surface when deciding whether to keep exploiting a food patch or to leave it. This result produces an 253 

interesting prediction, which in turn provides a stronger test of our hypotheses. Let’s consider a food 254 

patch in which two bacterial strains are well mixed. A worm exploring this food patch will be 255 

simultaneously exposed to both strains, so any factors such as different cell composition, different cell 256 

size or different metabolites, will be perceived near-simultaneously. We don’t know how these stimuli 257 

combine in C. elegans’ nervous system, so if they play an important role it would be hard to predict C. 258 

elegans’ response to a mixed food patch. As a reference we define a reasonable null model, assuming 259 

that the response to a mixed food patch would be an average of the responses to the corresponding 260 

pure patches, weighted by their relative proportions in the mixture. Therefore, we define our null model 261 

as any result between the weighted arithmetic and geometric means of the responses to each strain 262 

separately (Figure 4a). 263 

In contrast, if C. elegans’ response is determined by the cell density of the food patch, we can predict 264 

the response to any mixed patch, by computing its effective density (which is the average of both 265 

strains’ effective densities, because cell density is additive), and use our sigmoidal model to predict the 266 

worm’s response to it (Figure 4b). By choosing pairs of bacterial strains with very different 𝐷attract, we 267 

can have cases in which this predicted response is very different from the null model (compare Figure 4a 268 

and Figure 4b). 269 

To test these predictions, we performed experiments with food patches containing mixtures of CR266, 270 

which has a high 𝐷attract, and DA1885, which has a low 𝐷attract. We prepared cultures at OD=0.5 for both 271 

strains, and prepared 5 mixtures with ratios DA1885:CR266 of 0:1, 0.125:0.875, 0.25:0.75, 0.5:0.5, and 272 

1:0. Given that both pure cultures had OD=0.5, all 5 mixtures also had OD=0.5 (range 0.49 to 0.51). We 273 

then run our experiment, letting worms choose among 5 food patches made from these 5 mixtures 274 

(Figure 4c). 275 

The experimental results follow the predictions of the sigmoidal model, and clearly reject the null model 276 

(Figure 4d). Besides the pair of strains presented here, we measured another three pairs (a total of 277 

four). Three out of the four pairs showed excellent agreement with our predictions, and in all cases 278 

cases we found better agreement with our predictions than with the null model (Figure S4).  279 

  280 

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted June 23, 2022. ; https://doi.org/10.1101/2022.06.21.496406doi: bioRxiv preprint 

https://doi.org/10.1101/2022.06.21.496406
http://creativecommons.org/licenses/by-nc-nd/4.0/


11 
 

 281 

Figure 4: The response to mixed food patches shows that effective density is additive. (a) Relative number of 282 
worms predicted by the sigmoidal model for patches of DA1885 (dark blue) and CR266 (light blue), as a function of 283 
bacterial density (measured in OD). Our experiment took place at OD=0.5 (black dashed line), where DA1885 is 284 
about 10 times more attractive than CR266 (circles). The null model for a 50:50 mixture of both strains goes from the 285 
geometric mean to the arithmetic mean of the two pure patches (black errorbar). (b) Relative number of worms in a 286 
food patch, as a function of its effective bacterial density (𝐷/𝐷attract). Circles: Effective density for CR266 and 287 
DA1885 at OD=0.5. Red cross: Effective bacterial density for a 50:50 mixture of CR266 and DA1885 at OD=0.5 (the 288 
effective density of the 50:50 mixture is the arithmetic mean of both effective densities, which in a logarithmic scale is 289 
located closer to the highest one). (C) Experimental scheme: Worms were exposed to 5 food patches with different 290 
fractions of CR266 and 1885, always at OD=0.5. Worms at each patch were counted after 2 hours. (D) Number of 291 
worms at each food patch, as a fraction of DA1885. Dots: Experimental results (errorbars show the 95% confidence 292 
interval). Red line: Prediction from the sigmoidal model (as in box b). Gray patch: Prediction of the null model. 293 

  294 
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Discussion 295 

Our results show that C. elegans’ response to food across bacterial species is driven by a single variable: 296 

Effective food density. This variable seems to correspond to bacterial cell density, with other factors that 297 

depend on bacterial strain, such as biomass content, having minimal effect.  298 

Our experimental results may seem to contradict previous studies, but are consistent with them. 299 

Previous studies25,26 showed large differences in preferences between certain strains, such as E. coli 300 

Hb101 and E. coli DA837, which is very similar to OP50 and elicits the same behavioral response (Figure 301 

S5). In contrast, we found only moderate differences between Hb101 and OP50. But studies showing 302 

larger differences were performed on nutrient agar plates, so bacteria could grow after being deposited 303 

on the plate. OP50 is a uracil auxotroph, and this fact limits its growth on solid media, while Hb101 does 304 

not have this limitation and grows to higher densities on agar plates. Therefore, differences across 305 

strains observed in previous studies may be attributed to differences in bacterial density. Another 306 

apparent contradiction is the evidence that less-preferred bacteria are hard to eat for C. elegans25,35. We 307 

would not expect that increasing the density of hard-to-eat bacteria would make them as profitable as 308 

easier-to-eat strains, so the regularity of our results challenges this previous finding. However, the main 309 

reason why some bacterial strains were hypothesized to be harder to eat was that they had a larger cell 310 

size,25,35 and strains with larger cell sizes tend to have smaller cell densities at saturation. Therefore, the 311 

differences observed in previous studies were also correlated with cell density. A final apparent 312 

contradiction comes from studies that have shown that S. marcescens (Db10) is a pathogen of C. 313 

elegans, and actively avoided by the worms36,37. We did not find such avoidance behavior, but both the 314 

strong pathogenicity and the avoidance response require active production of a toxin by the bacteria, 315 

which was not possible in our experimental conditions due to the lack of nutrients in the plates. As a 316 

control, we checked that we could reproduce C. elegans’ avoidance of S. marcescens when performing 317 

experiments on NGM plates rather than on our experimental plates (Figure S6). In sum, revealing C. 318 

elegans’ foraging rule of thumb required accurate control of bacterial density and decoupling the effect 319 

of toxins and other metabolites.  320 

A limitation of our study is that we measured a single experimental outcome (patch occupancy). 321 

Differences in this outcome emerge from changes in elementary behavioral parameters, such as speed, 322 

turning rate, probability of different behavioral states (such as roaming, dwelling and quiescence), 323 

etc.23,24,27,31 A more detailed study of these parameters might reveal differences that were not apparent 324 

here. This higher degree of detail was not possible at the level of throughput and coverage needed to 325 

reveal the rule of thumb, but is a natural next step towards unveiling its mechanistic and neural 326 

implementation.  327 

A second limitation of this study is the lack of bacterial growth, which limits the production of bacterial 328 

metabolites. These metabolites are probably relevant in natural conditions, as is certainly the case for 329 

pathogenic bacteria36,37. Our experimental conditions were necessary to properly control bacterial 330 

density, and the good correlation of behavior and fitness benefit shows the ecological relevance of our 331 

observations. These controlled experimental conditions have revealed a core behavioral mechanism, 332 

which produces adaptive response by focusing on the single-most informative environmental variable. 333 

Materials and Methods 334 

Strains and media 335 
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All experiments were performed with Caenorhabditis elegans, strain N2, obtained from the 336 

Caenorhabditis Genetics Center (University of Minnesota, https://cgc.umn.edu/), and maintained using 337 

standard practices.38 Worms grew at 22 C on nematode growth medium (NGM: 3 g/L NaCl, 2.5 g/L 338 

peptone, 20 g/L agar, 25 mL/L potassium phosphate buffer pH 6, 1 mM MgSO4, 5 mg/L cholesterol, 1 339 

mM CaCl2), in 100mm Petri dishes seeded with 200μL of a saturated culture of E. coli OP50 bacteria 340 

(grown overnight on LB at 22 C). The worms were transferred to a fresh dish every 1 to 3 days to prevent 341 

food depletion, so that worms used in any experiment came from a population that had not experienced 342 

food depletion for at least 5 generations. To prevent accumulation of mutations, we ensured that our 343 

population was never more than 30 generations away from the individuals received from the CGC. We 344 

performed all experiments with 48-old worms, synchronized by bleaching and egg collection. 345 

Escherichia coli (OP50), Escherichia coli (Hb101), Escherichia coli (DA837), Serratia marcescens (Db10), 346 

Bacillus megaterium (DA1880), and Bacillus simplex (DA1885) were obtained from the Caenorhabditis 347 

Genetics Center. Lysinibacillus boronitolerans (CR13), Bacillus flexus (CR87), Pseudomonas viridiflava 348 

(CR90), Ochrobactrum grignonense (CR155), Bacillus safensis (CR164), Corynebacterium variabile 349 

(CR181), Rhodococcus globerulus (CR266), Pseudomonas veronii (CR220), and Raoultella terrigena 350 

(CR225) were isolated by us from the gut of C. elegans N2 worms who had fed on organic compost (see 351 

below).  352 

Bacteria were streaked on NGM plates from a -80 C glycerol stock, stored at 4 C, and re-streaked to a 353 

fresh plate every two weeks to ensure viability. To prepare liquid cultures, we inoculated one or two 354 

bacterial colonies in 5mL of LB medium, and incubated for 24 h, at 22 C, with orbital shaking at 300 rpm, 355 

in a closed 50mL Falcon tube. Then, 1μL of this culture was inoculated in either 5 or 10mL of fresh LB 356 

and incubated for another 24 h in the same conditions. E. coli Hb101 was an exception, as it took longer 357 

than 24 hours to reach saturation. In this case we skipped the second inoculation, continuing the 358 

incubation of the original culture for a total of 48 hours. 359 

Isolation of C. elegans gut bacteria 360 

The natural microbiota strains of C. elegans were isolated by growing C. elegans on different types of 361 
rotten organic material, followed by washing and sterilizing the worms on the outside, grinding the worms 362 
and plating the resulting bacterial suspension on agar plates.  363 

We first prepared heat killed E. coli OP50 by growing OP50 for 24h in 200mL tryptic soy broth (Teknova, 364 
Hollister, CA, USA) at 37°C, followed by spinning down, resuspending in 4mL S-medium (prepared as 365 
described in 38) and incubation at 80°C for 24h.  This procedure results in 50x E. coli OP50, 50x compared 366 
to density at saturation 367 

Two types of food sources were fed to the worms: different types of (i) compost and (ii) rotten fruits and 368 
vegetables. Some rotten apples were directly collected from the outside. Other fruits like apples, celery, 369 
almonds and parsnip were placed on local soil from Boston, MA in a household plastic box (Sterilite) with 370 
semi-open lid and incubated in the lab at room temperature until the fruits were strongly decayed (~3 371 
weeks). The compost samples were taken from two local compost piles in Boston, MA, that mostly 372 
contained kitchen and garden waste. Some amount of phosphate buffered saline and glass beads were 373 
added to the samples. The samples were homogenized by vortexing at high speeds. The resulting solution 374 
was filtered through a 5µm filter (Millex-SV 5.0 µm, MerckMillipore, Darmstadt, Germany) to remove 375 
bigger particles. The resulting emulsion was spread on S-media agar plates without citrate.  376 
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C. elegans N2 were first grow on E. coli OP50 lawn on NGM plates. The worms were washed off the plates 377 
with M9 worm buffer with 0.1% Triton X-100. The worms were let sink down for about 1min and the 378 
supernatant was removed. The worms were resuspended in S-medium containing 100µg/mL gentamicin 379 
and 5x heat-killed OP50 (5x compared to density upon saturation). The worms were incubated in that 380 
solution for 24h at room temperature with gentle shaking (50mL tube, semi-unscrewed cap). Finally, the 381 
worms were washed twice with M9 worm buffer + 0.1% Triton X-100. 382 

The germ-free worms were added to the plates with rotten organic material for around one week. After 383 
that time the worms were washed off the plates with M9 worm buffer with 0.1% Triton X-100. The worms 384 
were washed twice with M9 worm buffer with 0.1% Triton X-100 (centrifugation at 2000g, 10s). 385 
Afterwards the worms were re-suspended in 1mL ice cold M9 worm buffer with 0.1% Triton X-100 and 386 
incubated on ice for 10mins. 2µL bleach (Clorox) were added to kill bacteria on the outside of the worm 387 
and the worms were incubated for 6mins on ice. Afterwards the worms were washed 3x with ice cold M9 388 
worm buffer with 0.1% Triton X-100. Single worms were transferred into 0.6mL reaction tubes 389 
(Eppendorf) and ground with a motorized pestle (Kimble Kontes Pellet Pestle, Fisher Scientific) for at least 390 
1min. The resulting solution was plated onto a tryptic soy broth (Teknova, Hollister, CA, USA) agar plate 391 
(2% agar, 150mm petri dish). From the resulting colonies, physiologically unique colonies were picked. 392 
The colonies were streaked out again on tryptic soy broth agar and checked for contaminations. If 393 
contaminations were spotted the bacteria were re-streaked again. Finally, the bacteria were grown in 394 
tryptic soy broth at 30°C and stored as glycerol stocks. The species identity was analyzed by 16S Sanger 395 
sequencing (Genewiz, South Plainfield, NJ). 396 

Preparation of experimental plates 397 

Assays were run in foraging plates (3 g/L NaCl, 20 g/L agar, 25 mL/L potassium phosphate buffer pH 6, 1 398 

mM MgSO4, 5 mg/L cholesterol, 1 mM CaCl2, 10 mg/L chloramphenicol and 100 mg/L novobiocin). The 399 

composition of these plates was designed to prevent bacterial growth, not containing any nutrients for 400 

the bacteria, and containing two bacteriostatic antibiotics. We chose this antibiotic cocktail after 401 

measuring the Minimum Inhibitory Concentration (MIC) for 6 different bacteriostatic antibiotics and all 402 

our bacterial strains. We aimed to prevent bacterial growth while keeping the bacteria as healthy as 403 

possible, and we determined that 10 mg/L chloramphenicol and 100 mg/L novobiocin was the best 404 

combination to prevent the growth of all strains while keeping the antibiotic concentrations as low as 405 

possible. We checked that all bacterial strains remained viable and with constant optical density after 24 406 

hours of exposure to this cocktail of antibiotics. Plates were poured one week before the assays, and 407 

stored at room temperature. 408 

One day before the experiment, bacterial cultures were washed three times with foraging buffer (3 g/L 409 

NaCl, 20 g/L agar, 25 mL/L potassium phosphate buffer pH 6, 1 mM MgSO4, 1 mM CaCl2, 10 mg/L 410 

chloramphenicol and 100 mg/L novobiocin).  After the last wash, we re-suspended the bacteria in 411 

foraging buffer, adjusting their OD with a spectrophotometer (Jenway 7200, Cole-Parmer, Staffordshire, 412 

UK) to the maximum OD needed for our experiment. We then performed serial dilutions in foraging 413 

buffer to obtain all needed densities. 414 

A pipetting robot (OT-2, Opentrons, Long Island City, NY, USA, with custom modifications to handle agar 415 

plates) placed drops of bacterial culture on the foraging plates. In all cases, we used 40 L drops, which 416 

spread to a diameter of 11.2 mm on average. Drops were left to dry overnight at 22 C. 417 

Patch occupancy assays 418 
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We used 55mm-diameter foraging plates with five 40-μL drops of bacteria, forming a regular pentagon 419 

with the patch centers at 13 mm from the plate’s center. For each experimental condition (consisting of 420 

5 different food densities), we prepared at least 4 different versions, randomly permuting the position of 421 

the 5 densities across the 5 food patches to minimize effects due to relative position of the food 422 

patches. We then prepared at least 8 replicates of each version, so we had a total of at least 32 plates 423 

per condition. We also randomized the order at which the different conditions were prepared. Food 424 

patches were placed on the experimental plates one day before the experiment and dried overnight at 425 

22 C.  426 

48-hour old synchronized worms were washed off their cultivation NGM plates with M9 worm buffer + 427 

0.1% Triton X-100 (3 g/L KH2PO4, 7.52 g/L Na2HPO4.2H2O, 5 g/L NaCl, 1 mM MgSO4, 0.1% Triton X-100; 428 

Triton X-100 was added to prevent worms from sticking to the pipette tips). To remove all bacteria, we 429 

washed the resulting worm suspension 6 times with M9 + 0.1% Triton X-100 using a table-top centrifuge 430 

(~5 second spin was enough to pellet the worms while leaving the bacteria in suspension). Worms were 431 

then placed in the middle of the experimental plates by the pipetting robot, in drops of 10-15μL 432 

(adjusted for an average of 10 worms per plate). The full wash procedure took between 8 and 10 433 

minutes and placing the worms took at most 5 minutes, so at most 15 minutes elapsed between the 434 

breeding plate and the experimental plate.  435 

The worms were left on the plates for 2 h at 22 C, and then we imaged the plates at 1200 dpi using a 436 

scanner (Epson Perfection V850 Pro). Previous protocols that use similar scanners to quantify worm 437 

behavior proposed modifications to increase image quality and control temperature.39 However, we 438 

found that unmodified scanners provided good enough image quality for our purposes, and 439 

temperature control was not an issue for us because plates were placed on the scanners only briefly at 440 

the end of the experiment. Extreme care must be exercised when placing the plates on the scanners, 441 

since even a gentle tap may startle the worms and make them leave the food patches. Worms were 442 

automatically located in the images using a custom-made program built in Matlab R2019a. 443 

We aimed to having 32 plates for each experimental condition (8 plates for each version with permuted 444 

positions), with 10 worms per plate. However, the actual number of plates and worms was lower. First, 445 

we removed a small fraction of plates that presented imperfections on the agar surface or non-round 446 

food patches. Second, given that we could not control the exact number of worms placed on each 447 

experimental plate (just the volume and concentration of worm suspension), we had substantial 448 

variability in worm number per plate. To prevent any significant effects from food depletion, we 449 

removed from the analysis all plates that had more than 20 worms. After this filtering, we had 29 ± 4 450 

plates per condition and 230 ± 110 worms per condition (mean ± standard deviation). Then, for each 451 

experimental condition, we added up all the worms found at patches of a given density (across all 452 

replicates), and added one pseudocount to obtain a less biased estimate.40  453 

Fitting and normalization of patch occupancy data 454 

We assume that the number of worms found in a given food patch is proportional to its attractiveness, 455 

𝐴, which we define as 456 

𝐴 = √𝐻
1+4(𝐷/𝐷attract)

𝑘

𝐻+4(𝐷/𝐷attract)
𝑘,         [1] 457 

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted June 23, 2022. ; https://doi.org/10.1101/2022.06.21.496406doi: bioRxiv preprint 

https://doi.org/10.1101/2022.06.21.496406
http://creativecommons.org/licenses/by-nc-nd/4.0/


16 
 

where 𝐻 is the ratio between its highest and lowest points, 𝑘 is the slope at the sigmoid’s midpoint (in a 458 

double-logarithmic plot), and 𝐷attract is the density at which the relative number of worms reaches 5-459 

fold the low-density baseline (Figure 1c; the low-density baseline is 𝐴(𝐷 = 0) = 1/√𝐻, and 460 

𝐴(𝐷 = 𝐷attract) = 5√𝐻/(𝐻 + 4) ≈ 5/√𝐻 when 𝐻 ≫ 1).  461 

Then, the proportion of worms present in each food patch in a given plate will be 462 

𝑃𝑖 =
𝐴𝑖

∑ 𝐴𝑗
𝑀
𝑗=1

,         [2] 463 

where 𝑃𝑖 is the proportion of worms in the 𝑖-th food patch, 𝐴𝑖  is the attractiveness of the 𝑖-th food 464 

patch, and 𝑀 is the number of patches present in the experiment. Equation 2 is a strong assumption, 465 

which holds approximately in our system for reasons that will be explored in a separate article, and 466 

which is validated by the excellent goodness of fit of our model (Figure 1e). 467 

To fit the model’s parameters to our experimental data, we maximize the log-likelihood of the model. 468 

For one experimental plate, the log-likelihood is  469 

𝐿 = ∑ 𝑁𝑖log⁡(𝑃𝑖)
𝑀
𝑖=1 ,        [3] 470 

where 𝑁𝑖  is the number of worms found in the i-th patch, M is the number of patches (M=5 in all our 471 

experiments), and 𝑃𝑖 is computed using Equations 1 and 2. We then added up the log-likelihoods of all 472 

experiments that we wanted to fit with the same set of parameters, and found the set of parameters 473 

that maximized this accumulated log-likelihood, using Matlab’s ‘fmincon’ function (Matlab R2019a). 474 

Once the optimal parameters are found, Equations 1 and 2 provide a good description for the 475 

proportion of worms reaching each patch in each separate experiment (Figure S1A). These two 476 

equations are also used to represent all the “predicted vs experimental” plots presented in the paper 477 

(Figures 1e, 1g, 3d).  478 

In order to show together the experimental data coming from experiments that cover different density 479 

ranges for the same bacterial strain (the three columns in Figure S1), we re-normalized the data and 480 

computed a relative number of worms, 𝑁𝑖/𝑁ref (where 𝑁𝑖  is the number of worms in the i-th food patch, 481 

and 𝑁ref is the number of worms in a reference patch). This normalization would be trivial if we had a 482 

reference food patch of some common density in every experiment, but this was not possible in 483 

practice: Our range of densities is very wide, and differences in patch occupancy span more than 2 484 

orders of magnitude. When food patches of very dissimilar densities are placed in the same plate, 485 

worms accumulate in the high-density ones leaving the low-density ones almost completely empty, and 486 

leading to very noisy datasets. For this reason, each individual experiment covered a relatively small 487 

range of densities (Figure S1). Therefore, while neighboring ranges overlap with at least two datapoints, 488 

we did not have any one density present in all of them. To circumvent this issue and be able to 489 

represent all the data together, we used our sigmoidal fit to estimate the number of worms we would 490 

expect at a virtual reference patch, and used this estimate to re-normalize our experimental data. We 491 

chose our virtual reference patch to be in the sigmoid’s midpoint, which led to a normalization factor 492 

𝑁𝑟𝑒𝑓 =
∑ 𝑁𝑗
𝑀
𝑗=1

∑ 𝐴𝑗
𝑀
𝑗=1

.         [4] 493 

Due to this normalization, the relative number of worms is 1 at the sigmoid’s midpoint (see for example 494 

Figure 1). 495 
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This procedure re-aligns the experimental data from different experiments (Figure S1c), allowing us to 496 

present it in a single graph (Figure S1d). However, this alignment depends on the fit itself, and therefore 497 

does not provide a reliable visual indication of the goodness of the fit. This visual indication of the 498 

goodness of fit is found in the “predicted vs experimental” plots, which are not affected by this 499 

normalization (Figures 1e, 1g, 3d). 500 

Fitness experiments 501 

We used 35mm foraging plates with one 40μL drop of bacteria in the center, placed on the plate the day 502 

before the experiment and dried at 22 C. 48-hour old worms were washed from their breeding plates in 503 

the same way as for patch occupancy assays. Then, individual worms were fished using a pipette and 504 

placed on the bacterial patch (one worm per plate). A copper ring of 2 cm diameter was then lodged 505 

into the agar, around the patch, to prevent the worm from escaping. Worms were left on the lawn for 5 506 

hrs and then put at -20°C for 5 min. This brief period ensured quick refrigeration of the plates to 507 

immobilize the worms and stop egg-laying, without freezing the agar. Then, plates were stored at 4°C. 508 

Worms remained immobile and eggs didn't hatch, so eggs could be counted for at least 2 weeks after 509 

the experiment. Eggs were manually counted, excluding any plates where more than one worm was 510 

placed by mistake, or where the worm escaped the area delimited by the copper ring. All experiments 511 

were performed on the same day to minimize experimental variability, but eggs were counted over the 512 

2 weeks following the experiment. Because of experimental complications, we failed to measure C. 513 

elegans fitness on B. flexus (CR87), so we have measurements for 11 out of our 12 strains. 514 

To determine 𝐷fitness, we first found the highest density for which the average number of eggs was 515 

below the threshold. Then, we performed linear interpolation between that point and the next one, 516 

with bacterial densities in logarithmic scale. 517 

Determination of bacterial density 518 

Optical Density (OD) was measured using a spectrophotometer (Jenway 7200, Cole-Parmer, 519 

Staffordshire, UK). We found that this spectrophotometer is most accurate for OD’s between 0.1 and 1, 520 

so we always diluted the bacterial cultures to obtain measurements in this range. Lower OD’s could not 521 

be measured accurately, so they are inferred from the dilution factors used to prepare them. 522 

To determine density in cells per microliter, we combined plating to determine the amount of colony 523 

forming units (CFU) with microscopy to investigate the nature of each CFU.  524 

We determined the CFU density as follows. After determining the OD of the bacterial culture, we 525 

performed 10-fold serial dilutions in M9 worm buffer (3 g/L KH2PO4, 7.52 g/L Na2HPO4.2H2O, 5 g/L NaCl, 1 526 

mM MgSO4), and plated four 10-microliter drops of each dilution on an NGM plate. We incubated this 527 

plate at room temperature for 48 hours, counted the number of colonies in the drops that had around 528 

10 colonies, and used these counts to derive the density of colony-forming units in our original culture. 529 

We computed the errorbars by bootstrapping the four drops for each measurement. We performed this 530 

plating procedure both before and after washing the bacteria with foraging buffer to prepare our 531 

experimental plates (see “Preparation of experimental plates”), and we did not find any consistent 532 

differences before and after the wash. 533 

The number of CFU/L is not identical to the number of cells/L. First, not all cells that fall on the 534 

surface of an agar plate survive and manage to form a colony. To control for this effect, we performed a 535 
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control using LB plates instead of NGM plates, and we did not find significant differences in viability 536 

across these two types of plates, which suggests that viability was high for all strains in both media. 537 

Second, each CFU may be a single cell, but it may also be a cluster of cells that clump together and form 538 

a single colony. To control for this effect, we studied our bacterial cultures under a microscope (LEICA 539 

DM6000). We found that 10 out of our 12 bacterial strains were mostly composed of individual cells, 540 

with few clumps, so for these 10 strains CFU/L is a good estimate of cells/L. In contrast, B. 541 

megaterium (DA1880) and B. flexus (CR87), form long filaments composed of several cells, and each of 542 

these filaments will form a single colony. Using DAPI staining to visualize individual cells in each filament, 543 

we counted the number of individual cells per filament, obtaining 9.6 and 8.7 cells per filament on 544 

average for B. megaterium (DA1880) and B. flexus (CR87), respectively. We used these factors to 545 

transform the CFU/L determined from plating to cells/L for these two strains. 546 

To determine the amount of biomass present in our bacterial cultures, we prepared 200 mL of saturated 547 

culture for all strains, washed it 3 times with M9 worm buffer, and resuspended to a volume of 5 mL. 548 

We then measured the OD of these suspensions, and placed them in glass tubes that we had previously 549 

weighed. We also added three tubes with M9 worm buffer without bacteria, to be able to account for 550 

the weight of the salts contained in the buffer. We evaporated all the water by incubating the tubes at 551 

90 C for 24 hours, and weighed them again. We checked that longer incubation did not change the 552 

weight, meaning that 24 hours were enough for all the water to evaporate. We then calculated the 553 

biomass contained in each tube by subtracting the weight after incubation minus the weight of the 554 

empty tube, and minus the weight corresponding to the salts from the M9 buffer (to calculate this 555 

weight we followed the same procedure with tubes that contained only M9 buffer, obtaining a dry 556 

weight of 15 g/L, which is close to the theoretical weight we would extract from the recipe of M9 worm 557 

buffer). See detailed protocol at dx.doi.org/10.17504/protocols.io.kxygxzn44v8j/v1. To compute 558 

confidence intervals, we assumed that all weight measurements had the same proportional error 559 

observed in the 3 measurements performed to estimate the weight of M9 salts, we estimated the error 560 

in OD measurements by performing 10 measurements of the same culture, and we combined these two 561 

sources of error using bootstrap. 562 

Errorbars and statistics 563 

We computed all errorbars using bootstrap41: For a given experimental condition for which we have P 564 

replicates (i.e. P experimental plates), we chose P of these replicates randomly, with replacement (so 565 

some replicates can be chosen several times, and some will not be chosen). By doing this with all of our 566 

experimental conditions, we obtained a bootstrapped dataset. We thus generated at least 1000 567 

bootstrapped datasets. These bootstrapped datasets are an estimate of what we should expect if we 568 

repeated our whole experimental process 1000 times, so they give an estimate of the reproducibility of 569 

our results.41  For each errorbar shown in the paper, we computed the corresponding quantity for each 570 

of the bootstrapped datasets, removed the most extreme 2.5% of values at each side, and reported the 571 

remaining interval as an errorbar. For example, errorbars in 𝐷attract were computed fitting our sigmoid 572 

to each of the bootstrapped datasets removing the most extreme 2.5% values of 𝐷attract resulting from 573 

these fits, and reporting the remaining interval. 574 

Significance of correlations was evaluated by fitting linear regression models, using Matlab’s fitlm 575 

function (Matlab 2019a).  576 
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Models for mixed food patches 577 

Consider mixtures of two strains, A and B, and let 𝑁A, 𝑁B be the number of worms found experimentally 578 

in the two patches with pure bacterial cultures. For any other mixture, it computes the weighted 579 

arithmetic mean as 𝑃𝐴𝑁A + (1 − 𝑃𝐴)𝑁B, and the weighted geometric mean as 𝑁𝐴
𝑃𝐴𝑁𝐵

(1−𝑃𝐴), where  𝑃𝐴 is 580 

the proportion of strain A in the mixture. 581 

The model based on the sigmoidal rule assumes that the response to both strains follows the same 582 

sigmoid, with 𝐻 = 146, 𝑘 = 1.4 and with different attraction densities for each strain, 𝐷attract,A and 583 

𝐷attract,B. Therefore, if 𝐷A and 𝐷B are the optical densities of both pure strains (in all our experiments 584 

𝐷A = 𝐷B = 0.5), their effective densities are 𝐷A/𝐷attract,A and 𝐷B/𝐷attract,B. The effective density of a 585 

mixture with a proportion 𝑃𝐴 of strain A and (1 − 𝑃𝐴) of strain B will be 𝑃𝐴⁡𝐷A/𝐷attract,A +586 

(1 − 𝑃𝐴)𝐷B/𝐷attract,B. Using this effective density and Equations 1 and 2, we find the predicted 587 

proportion of worms in each food patch. Multiplying these proportions times the total number of worms 588 

provides the number of worms in each food patch.   589 
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Supplementary Figures 707 

 708 

Figure S1: Illustration of data processing and normalization. Each complete sigmoid comes from several 709 
experiments, each of them covering part of the density range (in this case, 3 experiments with 5 food patches each; 710 
each of the three experiments is shown in one column and in a different color). (a) Proportion of worms present at 711 
each food patch in each experiment (dots with errorbars). These proportions add up to 1 for each experiment. Lines 712 
and circles: Best-fitting sigmoid. The three experiments (i.e. three columns) are described by the same sigmoid 713 
(Equation 1 with a single set of parameters), but the sigmoid is normalized for each experiment using Equation 2. 714 
(b) Measured proportions versus predicted proportions, for all food patches of the three experiments. The black line 715 
corresponds to a perfect prediction. (c) Normalized number of worms, 𝑁/𝑁ref, where 𝑁 is the number of worms in 716 

each food patch, and 𝑁ref is the number of worms in a virtual reference patch (Equation 4). (D) Same as (C), but 717 
with all data in the same plot. 718 
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 719 

Figure S2: Sigmoids for all strains. Relative number of worms found at each food patch, as a function of bacterial 720 

density in the food patch (D, measured in Optical Density, OD). Dots: Experimental data; errorbars show the 95% 721 
confidence interval. Lines: Best-fitting sigmoid. Semitransparent patches: 95% confidence interval for the fitted 722 
sigmoids. Six strains were measured twice, and the lockdown due to the COVID-19 pandemic imposed a two-year 723 
gap between them, a period during which the laboratory moved to a new building. As a result, both replicates were 724 
performed in different conditions: 2019 experiments were performed in an incubator and the main experimenter was 725 
LG, while 2021 experiments were performed in an environmental room and the main experimenter was AAA. All 726 
other experimental parameters were kept as equal as possible. We chose to show these results rather than repeating 727 
the experiments in the same conditions to highlight the robustness of our results: While two strains (Db10 and 728 
CR164) show significant differences across the two replicates, we found remarkable reproducibility given the 729 
experimental differences. Results shown in Figures 1 and 3 of the main text correspond to the 2019 experiments.  730 
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 731 

Figure S3: Sigmoid parameters for all strains. (A) Best-fitting value of 𝐻 for each bacterial strain. (B) 732 

Best-fitting value of 𝑘 D0 for each bacterial strain. (C) Best-fitting value of the attraction density (𝐷attract) 733 

for each bacterial strain. All errorbars show the 95% confidence interval, calculated via bootstrapping.  734 

  735 
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 736 

737 
Figure S4: Results from mixed drops. Each column corresponds to one pair of strains. (A) Goodness of 738 

fit of our prediction to the experimental data, for each possible value of 𝐷attract for each strain (hotter 739 

color means better fit). Circle with errorbars: Experimental 𝐷attract, obtained from the sigmoidal fit to an 740 

independent experiment (orange sigmoids in Figure S2). Cross: Values of 𝐷attract that best reproduce the 741 

mixed-drop experiments. In the last two pairs, the experimental values are very close to the best-fitting 742 

one. In the first pair the optimal value is far from the experimental one, but the experimental values are 743 

still on the region of excellent fit (yellow region). In the second pair the fit is not good: The experimental 744 

values fall outside the good fitting region. This pair involves strain CR164, which also gave a sigmoid 745 

significantly different to the one originally measured (see Figure S2). Therefore, it’s likely that 746 

experimental variability was responsible for this mismatch, but we cannot exclude other factors. (B) 747 

Number of worms at each food patch, as a fraction of one of the strains. Dots: Experimental results 748 

(errorbars show the 95% confidence interval). Red line: Prediction from our model, using the 749 

experimentally measured 𝐷attract (circle in box A). Gray patch: Prediction of the null model. (C) Same as 750 

B, but prediction uses the best-fitting values of 𝐷attract (cross in box A).  751 

 752 
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 754 

Figure S5: C. elegans shows the same response to OP50 and DA837. Relative number of worms found at 755 

each food patch, as a function of bacterial density in the food patch (D). Squares: E. coli OP50. Dots: E. coli DA837. 756 
Errorbars show the 95% confidence interval, computed via bootstrapping. 757 
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 759 

 760 

Figure S6: Avoidance of Serratia marcescens requires active bacterial growth. We placed a 40 761 

microliter drop of saturated overnight culture of S. marcescens (Db10) at the middle of either an NGM 762 

plate (where bacteria can grow) or a foraging plate (where bacteria cannot grow due to lack of nutrients 763 

and presence of bacteriostatic antibiotics). The next day, we placed around 30 young adult worms (48-764 

hour old) at the center of the food patch. The figure shows the proportion of worms that remained 765 

inside the food patch as a function of time, for both treatments. These results are consistent with 766 

previous studies, which found strong avoidance of S. marcescens on NGM plates.36 767 

 768 
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