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Editorial decision letter with reviewers’ comments, first round of review 
Dear Matt, 
 
I hope this email finds you well.  The reviews of your manuscript are back and I've appended them 
below.  On balance, the reviewers appreciate the goals of the work presented here; they’ve provided 



 

 
 
 

constructive comments that are aligned with our hopes for the paper.  Accordingly, we’re happy to 
invite a revision.  A few brief notes: 

• Reviewer 2's perspective is particularly intriguing and I'm convinced that wrestling with their 
comments will develop this work in constructive and interesting ways.   

• Please keep in mind that the "surprising-ness" of results is not a concern for us (for one thing, 
it speaks to the mindset of the reader, not the state of the science; for another, aligning with 
intuition does not diminish the necessity of making principled arguments).  Accordingly, you're 
welcome to forgo responding to Reviewer 1's critiques re: surprising-ness in your point-by-
point response 

• Personally, I found this paper to be unusually intellectually rich and I'm convinced that it lays 
important groundwork for the coming wave of spatially resolved single cell biology. 

I hope you find this feedback helpful.  If you have any questions or concerns, please let Bernadett 
know (she is cc'd here).  More technical information and advice about resubmission can be found 
below my signature.  Please read it carefully, as it can save substantial time and effort later.    
 
Cell Systems looks forward to seeing your revised manuscript.  
 
All my very best,  
Quincey 
  
Quincey Justman, Ph.D. 
Editor-in-Chief, Cell Systems 
 
  
Reviewers' comments: 
 
Reviewer #1: This paper investigates how receptors may redistribute in the present of 
spatially varying cues. 
The paper used an information-based approach to address this question. 
It is well written and presented in a coherent way. 
However, some of the results are not surprising and the connection with 
experiments is a bit weak. I will elaborate below. 
 
The authors find that "information acquisition is maximized when 
receptors form localized patches at regions of maximal ligand concentration." 
This result is, I think, not surprising. It would be very surprising if this 
were not the case, no? 
The fact that the results are not surprising and can be understood without 
computations is also applicable to the results of Fig.3. The authors find that 
the optimal receptor placement corresponds to patches at maximal ligand concentration 
instead of placing the receptors in a uniform manner. Therefore, it is to be 
expected that the efficiency gradually drops if the patch placement is moved 
further away from the maximal ligand concentration location. 
 
Fig. 4B is confusing since there are dashed/solid lines that correspond both to the 
ligand concentration and to the receptor location. Since the former is already 



 

 
 
 

indicated in yellow, one could drop some of the dashed lines. 
Also, I don't quite understand this dynamic reorganization. I was expected to 
see a time scale in the results but I couldn't find one. Is this encoded by 
gamma? Furthermore, it looks like the area under the curve for the initial 
receptor distribution is larger than for the final distribution. 
Is this possible? 
Finally, this result seems to be highly dependent on the choice of gamma. 
Can the authors comment on that? 
 
I would recommend mentioning the feedback parameters in the caption of Fig. 5. 
Also, the authors mention that the re-placement of receptors can be achieved within minutes. 
This has to be achieved through the movement of receptors. 
However, this cannot be due to diffusion 
(a simple calculation shows that if 
the peak of concentration shifts 
from front to back of the cell and taking a radius of r=10um, the distance would 
be l~30um. The corresponding diffusive timescale is given by (L^2/D) 
which would give a time that is much larger than "minutes"). 
Thus, there has to be another active mechanism that redistributes receptors. 
Is it the endocytosis, coupled with feedback, which somehow magically 
place receptors in the right location? This was not clear to me. 
 
What is the source/reference of Fig. 6B? 
 
In Fig. 6 the authors emphasize the improvement resulting from their scheme 
(30-fold etc.). However, this number depends on parameters so it would be 
best to mention something like "for the parameter values chosen". 
 
I do not understand this statement "Indeed, cells that perfectly decode and always 
move along local gradient direction show minor improvements in success rate (Figure S7C)" 
even after looking at this figure. 
Please elaborate. 
 
Fig. 7A shows specific experimental distributions of receptors but these 
spatial distributions are not further used 
to compare to theoretical results, other than uniform/localized (7B). So, why show that? 
Also, the other dots in 7B are not referred to in the legend and one has to 
dig that up from a suppl. table. Please mention them explicitly in the legend. 
Finally, unless I misunderstand the plot, the line is derived using specific 
model parameters. How does it depend on these parameters? 
 
 
Reviewer #2: 
In their manuscript "Localization of signaling receptors maximizes cellular information acquisition in 
spatially-structured natural environments" the authors Wang and Thomson develop an information-
theoretic framework for optimizing the distribution of receptors on a 1d bin-like representation of the 
membrane for encoding a maximal amount of information about (equally discrete) external ligand 
distributions. They then carry out such optimizations for a range of different biological scenarios (and 
corresponding ligand distributions), in both static and dynamical settings. They demostrate, for a 



 

 
 
 

decent range of examples, that optimizing the receptor placement in space can signifnicantly enhance 
information acquisition, with nontrivial strategies emerging in dependence on the specific ligand 
profiles present in the respective scenarios. 
 
Overall I am very positively impressed by this work, in that it applies a recently increasingly prominent 
approach for finding good functional solutions in biological systems, namely by optimizing a 
quantitative objective function representing biological function (here mutual information between the 
receptor and ligand distributions). To my knowledge, this has not yet been done in the detail put 
forward by the authors' study for the case of ligand-receptor profiles. I would recommend to the 
authors to put their work into the context of this emerging research approach more generically by 
citing (some of) the literature that I provide as a list at the end of this review. 
 
However, apart from a couple of minor issues presented below that I would like the authors to 
respond to, I believe that the following more relevant issue needs to be thoroughly addressed and 
revised before this work can be accepted for publication: 
 
The mathematical framework established by the authors for computing mutual information between 
ligand distributions and the corresponding distributions of active receptors defines a discrete setting, 
in which the membrane is divided into a number of "bins" or "channels" that differ by their respective 
ligand and recptor number. Now it is important to realize that in such setting the number of bins m 
defines the maximum for the mutual information computed on them, I_max = log2(m), and to clearly 
emphasize this in the paper, because this sets the scale for all information values reported in either 
bits or nats. If m is changed, this is therefore expected to lead to different values of the mutual 
information upon optimization, irrespective of the true ligand profiles (which in nature, of course, by 
default are not "binned" into such discrete sensing "channels" due to the non-discrete nature of 
space). 
 
Morever, I do not understand why the authors opted for the "entropy" defined on p.7. If the number r_i 
depend on their sum N, then also this measure will be dependend on it and therefore not defined in a 
generic fashion. With Shannon's information entropy we are provided by a definition that would hold 
independently of N, and in addition relate to the mutual information measure central to the authors' 
work. It could be computed in the same way as the other entropy employed so far, by using 
normalized "empirical" probabilities pR_i = r_i / N in the corresponding definition formula: 
 
S = - sum( pR_i * log2(pR_i) ) 
 
This entropy (definition) has the same properties as the simpler one used by the authors, except for 
the fact that it does not depend on N. Please mind the minus sign in the definition, which assures that 
this measure is positive. It is also recommendable to use the base of 2 for the logarithm for 
expressing mutual information and entropy values in bits rather than nats, which is the common way 
in the community. It should be noted that with the definition of entropy above, the scale / maximal 
value is limited by the number of channels m in the same way as for mutual information, as described 
above. For the case of a maximally nonlocalized, i.e. uniform distribution, the value then amounts to 
the maximal one, log2(m). I would strongly advise the authors to switch to the Shannon-version of 
entropy, because it is more comparable and "only" suffers from its dependence on the no. of 
channels, m. 
 
I am even more worried about the definition of "efficacy" introduced in the manuscript. Here I see the 
following problem: The mutual information between the ligand profile(s) and a nonoptimized, uniform 



 

 
 
 

active receptor distribution, used for normalization of the efficacy measure, obviously also depends on 
the number of bins m--but in the formula for the "efficacy" this issue in the end drops out because it 
affects both the teller and denominator. However, more importantly, it is to be expected that the 
average value of the mutual information btw. ligands and uniform receptor profiles, used for 
normalization, will actually depend on the (average/recurring) properties of the ligand profile(s). For 
example, in the trivial case in which both the ligand and receptor profiles are uniform with 
deterministic mapping between ligands and receptors the MI will attain the high value of log2(m). This 
obviously is a "pathological" case, and the efficacy here overall would result in 0 anyhow. However, 
also for the case that the receptor profiles are not exactly uniform and the mapping may be somewhat 
noisy, we still expect a comparably high value for the mutual information used in the denominator of 
efficacy. In the somewhat contrary case in which the ligand profiles are completely random (with 
strongly varying ligand numbers between neighboring bins/channels), in turn we except a very low 
"baseline" mutual information in the denominator. The "scale" of sensing improvement or "efficacy" 
therefore should depend on how ragged the ligand profiles are, and may lead to high efficacy values 
for strongly ragged profiles compared to more continuous profiles only because the mutual 
information used for normalization in the efficacy measure on average is much lower. In that case the 
efficacy as defined by the authors would be deceiving (or, saying differently: What exactly would it tell 
us, also in view of biological relevance?). 
 
In order to check whether and to what extent this issue does affect the work of the authors, I would 
therefore like to ask them to carry out a simple check: Please provide the efficacy plots (in particular 
the ones of Fig. 2) also in a version in which the teller and denominator are plotted separately. This 
way we should see whether the "normalization" scale indeed varies between the different classes of 
ligand profiles considered, and to what extent. 
 
In view of what would be relevant to report in the context of biological function, then one should 
consider to focus on the teller used in the efficacy formula, i.e. on the actual absolute average 
improvement by optimization of receptor placement. Here, of course, one should keep in mind (and 
emphasize) that MI is an exponential measure, so an improvement by one bit has a different meaning 
when going from 1 to 2 vs. 3 to 4 bits (which may have been the authors' original motivation for 
employing a normalized measure). However, one reasonable option would be to convert the average 
MI values to the number of univocally discernable states given by 2^I, and to report the average 
difference of this measure. This would reflect, on the biological side, the (average) number of 
additional sensing "channels" that open up by optimizing the recptor profile, which is maximized when 
the mutual information reaches log2(m). In such description, one could then state that for the 
particular ligand distribution scenarios studied, having a uniform receptor distribution boils down to 
only so and so many reliable communication channels, while optimizing the receptor distribution 
increases that number by a certain (hopefully high) amount, and possibly up to the maximum m. To 
this would seem much more intuitive and more suitable for making statements about biological 
relevance, in particular when comparing between different sensing scenarios. 
 
Of course, here one could also envision a relative measure of the kind (2^Iopt - 2^Iuni) / 2^Iuni. 
However, I then still see the problem that increasing the number of (perfectly) reliable channels from 2 
to 4 would be the same as improving from 20 to 40, with 100% efficacy. Overall I believe that 
reporting the absolute number of "perfect channel increase", possible next to but not divided by the 
corresponding number for uniform receptor distribution, is more reasonable. 
 
In addition to these major issues with the definition and presentation of the information-theoretic 
measures used in the paper, I would like to ask the authors to also address the following minor 



 

 
 
 

issues: 
 
- p. 4: "a random vector": Do you mean "arbitrary vector"? 
 
- p. 4: Definition (1): Does the log function here reflect the natural logarithm? It is surely a matter of 
taste what to choose for the basis, but in information theory, at least in the classical "Shannon sense", 
the basis 2 seems more common. This also holds for a range of recent applications in biology. 
Moreover, basis 2 is more intuitive because it allows to convert the mutual information to an intuitive 
notion, the number of different states / signals that can be discriminated (perfectly) unambiguously. 
This is harder to do with "nats" than with "bits". 
 
- p. 4: The whole mathematical framework is designed for the case of constant receptor number N. It 
should be clearly stated which consequences this has for the MI measure defined, i.e., how the latter 
is affected by N. Does the mutual information actually converge, for N->infinity, to the maximal bound 
log(m), with m the number of sensing channels, as desribed further above in more detail? 
 
- p. 4: In formula 3, what is the influence of parameter alpha on the mutual information? Why is it 
needed in the first place (is there a technical reason)? What happens in the limit of large alpha (do we 
get into the limit equivalent to a uniform receptor distribution)? 
 
- p. 5: "receptors profiles" (please check) 
 
- p. 6: The main comments above apply in particular to this and the following page. 
 
- p. 9, Fig. 3: Why are not the same scales used for panels B(i) and B(ii)? This would make them 
comparable also between the two scenarios. The values of the plotted quantity are not that far off for 
the two cases. Also, whatever quantity you decide to plot here in the end, please for completeness 
give the actual values in small numbers in the little insets above the heat maps. 
 
- p. 10, last paragraph (bottom), shifting of the receptor profiles between t-1 and t: Does this effect or 
its strength depend on the choice of the "spontaneous" receptor activity, quantified by alpha in your 
model? If yes, to which extent are the findings dependent on this, and which value of alpha was used 
here? 
 
- p. 12, Eq. 6: It would be good to mention that h is not merely an arbitrary choice here, but taken from 
literature (if that indeed is the case). A few words about how it is actually determined would be helpful, 
again, to underpin that it is not an ad-hoc choice by the authors. 
 
- p. 12, "Figure 5B shows that our feedback scheme can, within minutes, localize receptors ...": OK, 
but this holds for the specific combination of rates chosen. How generic is that finding, does it apply to 
all ligand sensing processes (order-of-magnitude-wise), or is it strictly dependent on the set of rates 
that was specifically chosen in the work of the authors? 
 
- p. 15, 1st / upper paragraph, "simple gradient": At this point it is a bit hard to imagine how exactly the 
fitted gradient would look like. Maybe, instead of the color range, an actual profile fitted to e.g. an 
intensity histogram of the interstitial gradient could be shown below panels B and G. That would make 
this setup much more clear and easier to understand. Please also note: "effectivelylocalizes", "1 
hours". 
 



 

 
 
 

- p. 15: "Our feedback scheme can also help cells REMAIN ..." (instead of "retain") 
 
- Finally, please note that the idea of optimizing mutual information for predicting the best design of 
biological systems that process signals / information has been applied in a series of previous work, 
mainly in the field of developmental and circadian gene regulatory networks, but originally stemming 
from applications in neuroscience. Because of their strong methodological similarity with the authors' 
approach, these works should be attributed by the authors, either in the introduction or discussion 
section, ideally in both. Here is a list of important works that put this principle forward: 
 
* https://journals.aps.org/pre/abstract/10.1103/PhysRevE.80.031920 
 
* https://journals.aps.org/pre/abstract/10.1103/PhysRevE.81.041905 
 
* https://journals.aps.org/pre/abstract/10.1103/PhysRevE.85.041903 
 
* https://journals.aps.org/pre/abstract/10.1103/PhysRevE.91.062710 
 
* https://journals.aps.org/pre/abstract/10.1103/PhysRevE.93.022404 
 
* https://journals.aps.org/pre/abstract/10.1103/PhysRevE.97.022407 
 
* https://journals.aps.org/pre/abstract/10.1103/PhysRevE.97.032405 
 
* https://www.pnas.org/content/105/34/12265 
 
 
In the field of fly embryo development, the information-theoretic framework has also been successfully 
applied on the experimental / data analysis side, partly hand-in-hand with some of the theory works 
listed above: 
 
* https://www.pnas.org/content/110/41/16301 
 
* https://www.pnas.org/content/118/46/e2109011118 
 
* https://www.cell.com/cell/fulltext/S0092-8674(19)30040-6 
 
 
Please also note the following relevant review on that topic: 
 
* https://journals.biologists.com/dev/article/148/2/dev176065/237421/The-many-bits-of-positional-
information 
 
 
And please also note the relevance of this theoretical / numerical study in the context of the feedback 
mechanism studied in your work: 
 
* https://aip.scitation.org/doi/10.1063/1.4901888 
 
 



 

 
 
 

I strongly believe that this work can be made an excellent candidate for publication in Cell Systems 
and an interesting contribution to the community working with information theory in biological 
problems and beyond once the issues mentioned above are fully resoled. 
 
 
 
 

Authors’ response to the reviewers’ first round comments  
Attached. 
 
 
 

Editorial decision letter with reviewers’ comments, second round of review 

Dear Matt, 
  
I'm very pleased to let you know that the reviews of your revised manuscript are back, the peer-review 
process is complete, and only a few minor, editorially-guided changes are needed to move forward 
towards publication.   

In addition to the final comments from the reviewers, I’ve made some suggestions about your 
manuscript within the “Editorial Notes” section, below. Please consider my editorial suggestions 
carefully, ask any questions of me that you need, make all warranted changes, and then upload your 
final files into Editorial Manager.  We hope to receive your files within 5 business days. Please 
email me directly if this timing is a problem or you're facing extenuating circumstances.  

I'm looking forward to going through these last steps with you. Although we ask that our editorially-
guided changes be your primary focus for the moment, you may wish to consult our FAQ (final 
formatting checks tab) to make the final steps to publication go more smoothly.  More technical 
information can be found below my signature, and please let me know if you have any questions.  
  
All the best, 

Bernadett 
 
Bernadett Gaal, DPhil 
Editor-in-Chief, Cell Systems 

 

  
Editorial Notes 



 

 
 
 

Transparent Peer Review:  Thank you for electing to make your manuscript’s peer review process 
transparent.  As part of our approach to Transparent Peer Review, we ask that you add the following 
sentence to the end of your abstract: “A record of this paper’s Transparent Peer Review process is 
included in the Supplemental Information.” Note that this doesn't count towards your 150 word total! 

Also, if you've deposited your work on a preprint server, that's great!  Please drop me a quick email 
with your preprint's DOI and I'll make sure it's properly credited within your Transparent Peer Review 
record. 

Abstract:   

I found your abstract a little well, abstract, on the first read, so I have edited it to include some of the 
text from your summary of the paper at the end of the Introduction, with the goal of increasing 
accessibility to a broad audience and making it more concrete. In particular, the sentence "We find 
that receptor localization maximizes information acquisition in simulated natural contexts, including 
tissue and soil." is unclear in that I'm not sure whether it's referencing experimentally observed 
receptor distributions or something else. I think it would be helpful to mention observed receptor 
localisations, so I have edited the sentence accordingly. See what you think. Please feel free to revert 
anything that you don’t like or that you feel distorts your meaning! I apologize if there are instances of 
the latter. 

"Cells in natural environments like tissue or soil sense and respond to extracellular ligands with 
intricately structured and non-monotonic spatial distributions, sculpted by processes such as fluid flow 
and substrate adhesion. In this work, we show that spatial sensing and navigation can be optimized 
by adapting the spatial organization of signaling pathways to the spatial structure of the environment. 
We develop an information-theoretic framework for computing the optimal spatial organization of a 
sensing system for a given signaling environment. We find that receptor localization previously 
observed in cells maximizes information acquisition in simulated natural contexts, including tissue and 
soil. Specifically, information acquisition is maximized when receptors form localized patches at 
regions of maximal ligand concentration. Receptor localization extends naturally to produce a dynamic 
protocol for continuously redistributing signaling receptors, which when implemented using simple 
feedback, boosts cell navigation efficiency by 30-fold." 

Manuscript Text:   

• House style disallows editorializing within the text (e.g. strikingly, surprisingly, importantly, 
etc.), especially the Results section.  These terms are a distraction and they aren't needed—
your excellent observations are certainly impactful enough to stand on their own.  Please 
remove these words and others like them.  “Notably” is suitably neutral to use once or twice if 
absolutely necessary. 

• Please only use the word "significantly" in the statistical sense. 

Figures and Legends:   

Please ensure that all figures included in your point-by-point response to the reviewers' comments are 
present within the final version of the paper, either within the main text or within the Supplemental 
Information. 



 

 
 
 

STAR Methods:    Note that Cell Press has recently changed the way it approaches "availability" 
statements for the sake of ease and clarity.  Please revise the first section of your STAR Methods as 
follows, noting that the particular examples used might not pertain to your study.  Please consult 
the STAR Methods guidelines for additional information.  

RESOURCE AVAILABILITY 

Lead Contact: Further information and requests for resources and reagents should be directed 
to and will be fulfilled by the Lead Contact, Jane Doe (janedoe@qwerty.com). 

Materials Availability: This study did not generate new materials. -OR- Plasmids generated in 
this study have been deposited at [Addgene, name and catalog number]. -OR- etc. 

Data and Code Availability:  

• Source data statement (described below) 
• Code statement (described below) 
• Any additional information required to reanalyze the data reported in this paper is 

available from the lead contact upon request.    

Data and Code Availability statements have three parts and each part must be present.  Each 
part should be listed as a bullet point, as indicated above.  

Instructions for section 1: Data. The statements below may be used in any number or combination, 
but at least one must be present. They can be edited to suit your circumstance. Please ensure that all 
datatypes reported in your paper are represented in section 1.  For more information, please 
consult this list of standardized datatypes and repositories recommended by Cell Press. 

• [Adjective] data have been deposited at [general-purpose repository] and are publicly 
available as of the date of publication. DOIs are listed in the key resources table. 

• This paper analyzes existing, publicly available data. These accession numbers for the 
datasets are listed in the key resources table. 

• [Adjective or all] data reported in this paper will be shared by the lead contact upon request. 

Instructions for section 2: Code. The statements below may be used in any number or 
combination, but at least one must be present. They can be edited to suit your circumstance. If you 
are using GitHub, please follow the instructions here to archive a “version of record” of your 
GitHub repo at Zenodo, then report the resulting DOI.  Additionally, please note that the Cell 
Systems strongly recommends that you also include an explicit reference to any scripts you 
may have used throughout your analysis or to generate your figures within section 2. 

• All original code has been deposited at [repository] and is publicly available as of the date of 
publication. DOIs are listed in the key resources table.  



 

 
 
 

• All original code is available in this paper’s supplemental information. 

• This paper does not report original code.  

Instructions for section 3.  Section 3 consists of the following statement: Any additional information 
required to reanalyze the data reported in this paper is available from the lead contact upon request. 

In addition,  

STAR Methods follows a standardized structure. Please reorganize your experimental procedures to 
include these specific headings in the following order: LEAD CONTACT AND MATERIALS 
AVAILABILITY (including the three statements detailed above); EXPERIMENTAL MODEL AND 
SUBJECT DETAILS (when appropriate); METHOD DETAILS (required); QUANTIFICATION AND 
STATISTICAL ANALYSIS (when appropriate); ADDITIONAL RESOURCES (when appropriate). We’re 
happy to be flexible about how each section is organized and encourage useful subheadings, but the 
required sections need to be there, with their headings. They should also be in the order 
listed.  Please see the STAR Methods guide for more information or contact me for help.  

Please ensure that original code has been archived in a general purpose repository recommended by 
Cell Press and that its DOI is provided in the Software and Algorithms section of the Key Resources 
Table.  If you’ve chosen to use GitHub, please follow the instructions here to archive a “version of 
record” of your GitHub repo at Zenodo, complete with a DOI.  Thank you! 

Cell Systems has taken the almost political stance that theory papers deserve the same “weight” as 
experimental papers, and we try very hard to treat both consistently.  We believe that the deep 
mathematical exploration of problems that’s usually found in a stand-alone Supplement is roughly 
equivalent to the Experimental Procedures section of experimental papers.  Just as one must 
understand the methods used to appreciate the strengths and weaknesses of the data those methods 
generate, understanding the mathematics is necessary for understanding the Results in a deep 
way.  For this reason, we ask that you move all of the current supplement into the Model Details 
section of the STAR Methods, and follow the rest of the STAR Methods instructions as well as you 
can.   

Currently, you don't have a Key Resources Table (KRT).  Note that the key resources table is 
required for manuscripts with an experimental component, and if a purely computational manuscript 
links to any external datasets (previously published or new), code-containing websites (e.g. a GitHub 
repo, noting that DOIs are strongly preferred), or uses non-standard software, it needs to include a 
key resources table that details these aspects of the paper. For details, please refer to the Table 
Template or feel free to ask me for help. 

Thank you! 

 
 
 
 
 



 

 
 
 

Reviewer comments: 
 
Reviewer #1: The authors have done an impressive and thorough job at responding to all comments. I 
can now recommend this paper for publication. 
 
 
Reviewer #2: 
The authors have provided clear and detailed answers to all of my comments and thoroughly revised 
the manuscript and its supplementary, adding several interesting plots that further clarify how the 
employed information-theoretic measures behave with respect to changes in important model 
parameters. I am particularly happy about the fact that they decided to change their efficacy measure 
in order to resolve possible distortions implied by using an input-dependent normalization scale 
therein, and that employing the improved measure does not alter their principal findings. Overall, the 
manuscript now is significantly further improved in a way that not only will aid the readers to better 
understand the results of the authors, but also the used concepts from information theory in general. 
 
As the manuscript is very well and clearly written and all issues that I have commented upon have 
been resolved, I now give my clear recommendation for publishing this interesting and well-elaborated 
article. 
 
I would only recommend to fix the following minor issues beforehand (I trust that the authors will take 
care of this in their own interest): 
 
- It would be good to put additional brackets around the argument of "argmax" in Eq. (11), p. 11, in 
order to make clear that the optimization also incorporates the additional distance term now. 
 
- p. 14: "oriented towards with": drop the "with". 
 
Finally, I would like to thank the authors for competently engaging in this productive review process 
and their willingness to adopt meaningful improvements as to make an excellent article even better. 
 

 
 



 

 

Point-by-point responses to reviewers 

Color code: reviewer comments in black, author responses in blue, main text changes in yellow 
*note that references for yellow text and captions for figure panels are given in the paper but not 
author responses. 

Reviewer 1: 

This paper investigates how receptors may redistribute in the present of spatially varying cues. The 
paper used an information-based approach to address this question. It is well written and presented in 
a coherent way. However, some of the results are not surprising and the connection with experiments 
is a bit weak. I will elaborate below. 

The authors find that "information acquisition is maximized when receptors form localized patches at 
regions of maximal ligand concentration." This result is, I think, not surprising. It would be very 
surprising if this were not the case, no? 

Author response:  
We thank the reviewer for encouraging us to articulate more clearly the significance of our results 
and their impact on current paradigms and thinking. As the reviewer implies, it might be intuitive 
that cells should allocate more receptors to regions of high ligand concentration since higher ligand 
concentration can saturate a low level of receptors. 

Even though the optimal strategy of receptor localization may seem obvious, we emphasize that 
beyond what the optimal strategy looks like, a more important aspect of the optimal strategy and one 
we believe to have far-reaching implications, is that optimizing receptor placement offers 
significantly more value in naturalistic environments compared to simple gradients. Put another way, 
our work shows that finding effective cell sensing strategies requires careful consideration of the 
spatial structure of the cells’ natural habitat, a connection that has been largely unexplored in the 
literature. 

Although receptor localization maximizes information acquisition across all environments, localized 
allocation only really pays off when the environment has a specific type of spatial structure that 
happens to be consistent with natural cell habitats. Fig 2C shows that compared to uniform receptors, 
the optimal strategy of receptor localization only leads to a marginal increase of ~0.01 bits of 
information in simple gradients, whereas the optimal strategy leads to an increase of ~1 bit in tissues 
and soils. This difference of two orders-of-magnitude is due to the patchy distribution of ligands 
found in tissues and soils. We find it interesting that our theory predicts the environment to be a key 
determinant of the value of receptor localization, especially since such receptor dynamics has been 
observed in cells living in these natural habitats. Furthermore there has been debate in the literature 
about when spatial localization of receptors might occur and when it is beneficial, where the role of 
environmental structure is largely unexplored. Our work reveals a crucial connection between 
effective strategies for cell sensing and the spatial structure of the cells' natural habitat, a connection 

Response to Reviewers



 

 

we believe underlies cells behavior in other fundamental spatial tasks including navigation and 
development, all operating in spatially-structured, natural environments.  

In conclusion, without considering the spatial structure of natural environments, receptor 
rearrangements previously observed in cells would appear to be highly ineffective for sensory 
information processing. We are eager to explore this connection for other spatial tasks such as 
navigation and development, and we hope our work will motivate more measurements of spatial 
distribution of signals in natural cell environments such as tissue and soil.  

To emphasize the significance and central points of our work, we have added the following 
paragraph to the end of Results section 2 (“Receptor localization yields optimal spatial sensing in 
natural environments”): 

“In summary, the value of optimizing receptor placement as a sensing strategy depends strongly on 
the environmental structure. Patchy ligand distribution found in tissues and soils makes optimizing 
receptor placement a highly effective sensing strategy. Our result demonstrates that uncovering 
effective cell sensing strategies requires a careful consideration of the spatial structure of the cells' 
natural habitat.” 

Furthermore, we have edited the second last paragraph of the Introduction to say: 

“Optimizing receptor placement offers significant gain in information acquisition over uniformly 
distributed receptors, but only in natural environments, leading to an average of ~1 bit increase in 
information acquisition in tissues and soils but only ~0.01 bit in purely diffusive gradients. The 
optimal strategy maximizes information by taking advantage of patchy ligand distribution in natural 
environments, reallocating sensing resources to a small but high signal region on the cell surface, 
while explicitly “ignoring” ligand information at low signal regions.” 

 
The fact that the results are not surprising and can be understood without computations is also 
applicable to the results of Fig.3. The authors find that the optimal receptor placement corresponds to 
patches at maximal ligand concentration instead of placing the receptors in a uniform manner. 
Therefore, it is to be expected that the efficiency gradually drops if the patch placement is moved 
further away from the maximal ligand concentration location. 

Author response: 
We thank the reviewer for encouraging us to improve our explanation of the robustness result and its 
significance. Although one may intuitively expect efficacy (information gain) to drop gradually as 
receptors are perturbed from their optimal placement, the strategy’s robustness is crucial for two 
reasons: practical implementation of the optimal strategy and scientific understanding of its key 
features. 

First, robustness is critical as it demonstrates that the localization strategy is feasible in cells that are 
subject to stochastic chemical effects. In this way, the robustness result bridges the theoretical result 



 

 

in the first half of the paper with the practical applications and implementations of the localization 
strategy in the second half. Due to the stochastic nature of biochemical processes, any biochemical 
implementation of the optimal strategy will only be an approximation to the mathematically optimal 
strategy. If the optimal strategy is no longer effective for small deviation in receptor placement, it 
would be impossible to formulate a practical circuit implementation in cells. Robustness, therefore, 
suggests that the localization strategy could be used by natural cells and crucial for the construction 
of synthetic circuits 

Second, since the optimal strategy involves extreme membrane localization, we also wanted to 
scientifically understand if substantial information gain actually requires highly localized receptors 
and how efficacy decays with less precise localization. Interestingly, as we relax receptor localization 
away from optimal (from 30% receptors at peak to 5%, uniform is 1%), information gain decays 
gradually at first (70% of optimal) before dropping more sharply. Importantly, we noted that the 
gradual decay implies the magnitude of receptor enrichment (4-5 fold over the uniform distribution 
near the ligand peak) previously observed in cells is sufficient to obtain significant information gain 
[2,4,21].   

In conclusion, since robustness is crucial for establishing the biological feasibility of the localization 
strategy, we want to present the result even if some readers may find it predictable. 

We added the following sentence to the end of Results section 3 (titled “Spatial sensing via the 
optimal strategy is robust to imprecise placements caused by biological constraints”) to emphasize 
this point: 

“Altogether, the robustness results of Fig. 3 suggest that biochemical implementations of receptor 
localization could improve sensing in natural or engineered cells, even in the presence of stochastic 
fluctuations in a biological circuit that induce imperfect localization. Moreover, the magnitude of 
receptor enrichment (around the ligand peak) previously observed in cells is sufficient to obtain 
significant information gain.” 

 
Fig. 4B is confusing since there are dashed/solid lines that correspond both to the 
ligand concentration and to the receptor location. Since the former is already 
indicated in yellow, one could drop some of the dashed lines. 

Author response:  
We thank the reviewer for pointing out potential confusions related to this figure. It is indeed 
confusing to have different line styles representing the same object. We decided to illustrate the 
reorganization process in Fig. 4B by separating the profiles into two plots, each showing the ligand 
profile and receptor profile as different time points. We hope that these changes will clarify the 
figure. 

 



 

 

Also, I don't quite understand this dynamic reorganization. I was expected to see a time scale in the 
results but I couldn't find one. Is this encoded by gamma?  

Author response:  
We thank the reviewer for bringing up this important point regarding the relationship between 
gamma and the timescale of receptor reorganization.  

We will discuss two factors that influence the timescale of receptor reorganization: 1) the timescale 
of environmental changes, 2) gamma, the “cost” of moving receptors. We will illustrate the effect of 
both factors by considering a cell moving around a ligand source.  

First, the timescale of receptor reorganization is in some sense bounded by how fast the ligand profile 
experienced by the cell is changing in time, because the dynamics of the ligand distribution dictates 
receptor reorganization. For example, consider a cell circling a point source at 2μm/min (Figure 
S6A). In this case, the cell experiences a dynamic ligand profile consisting of a single peak that is 
moving at 2μm/min across its surface (Figure S6B). The optimal strategy localizes receptors to the 
ligand peak, which means the maximum receptor speed will be 2μm/min even if moving receptors 
incurs zero cost (gamma = 0) (Figure S6D). 

A second key factor affecting the timescale of receptor redistribution is gamma, the cost of moving 
one receptor per unit distance. At each time step, receptors redistribute by balancing information 
acquisition with the cost of moving receptors (Equation 11). Smaller gamma means less “cost” is 
associated with redistributing receptors, hence the receptor profile becomes more dynamic. The exact 
relationship between gamma and the timescale of receptor dynamics depends on both receptor 
properties and the environment, as both affect the mutual information. To show what this relationship 
can look like, we again consider a cell circling a point source and compute how fast its receptors 
move in response to the shifting ligand peak. The receptor cap speed in Figure S6D is computed by 
determining how much the center-of-mass of the receptor profile shifted per minute. As predicted, 
Figure S6D shows receptors move faster as gamma decreases,  confirmed by a large shift in receptor 
cap in the top panel of Figure S6C compared to the bottom panel. For reference, CXCR4 exhibits 
directed motion on the order of 1um/min, while GABA receptors do so on the order of 10μm/min 
[1,2]. Lastly, for small gamma, Figure S6D shows receptor speed converges to the cell speed of 
2um/min as predicted above. 



 

 

 

Figure S6A-D 

In conclusion, dynamics of the cell’s environment and gamma encode time scales that dictate how 
fast receptors reorganize.  

In addition to adding Fig S6A-D to illustrate the points above, we also added a paragraph in Results 
section 4 (titled “Optimization framework extends naturally to produce a dynamic protocol for 
sensing time-varying ligand profiles”) briefly discussing the relationship between gamma and the 
time scale of receptor reorganization: 

“The cost $\gamma$ implicitly encodes a time scale for receptor redistribution. Smaller 
$\gamma$ means less “cost” is associated with redistributing receptors, hence the receptor profile 
becomes more dynamic. The exact relationship between $\gamma$ and the speed of receptor 
redistribution depends on both receptor properties and the environment, see Fig. S6A-D for an 
example of how receptor speed scales with $\gamma$.” 

 

Furthermore, it looks like the area under the curve for the initial receptor distribution is larger than 
for the final distribution. Is this possible? 

Author response:  
First, note that the shaded yellow curves represent the receptor profile. The area under the curve 
represents the total number of cell surface receptors, which is fixed during optimization, so it cannot 
change over time. We have checked to make sure that the area under the curve indeed remains the 
same. We hope we were able to make this clearer by changing our graphical representation of the 
receptor reorganization process in Fig 4B. 

 



 

 

Finally, this result seems to be highly dependent on the choice of gamma. Can the authors comment 
on that? 

Author response:  
We thank the reviewer for pointing out dependence of the result in Fig. 4B on gamma, the cost of 
moving one receptor per unit distance. The result in Fig. 4B is indeed highly dependent on the choice 
of gamma. We set gamma = 0.004 to obtain a speed of receptor redistribution of 1-2 μm/min, similar 
to the speed of directed motion observed for CXCR4 on cell surfaces [1]. We have added a new 
supplemental figure, Fig. S6F, where we plotted the exact same content as Fig. 4B but using different 
values of gamma. 

Fig. S6F shows that when gamma is very small, receptors rapidly localize to new ligand peaks. Rapid 
redistribution makes sense as small gamma allows the mutual information to dominate over the cost 
of receptor redistribution (Equation 9), so receptors behave as if there is little to no cost. When the 
cost of moving receptors is high (large gamma), Fig. S6F shows that receptor profiles remain nearly 
unchanged over time. For intermediate values of gamma, Fig. S6F shows two features of the 
dynamic protocol discussed in the main text: 1) partially-aligned cap and 2) double caps. When 
subsequent ligand peaks are nearby, increasing gamma causes the receptor and ligand peak to be 
more misaligned. When subsequent ligand peaks are far apart, increasing gamma causes the new 
receptor cap at the new ligand peak to be less prominent, as most of the receptors remain at the 
previous cap location.  

In addition to adding Figure S6F, we added a sentence in Results section 4 (titled “Optimization 
framework extends naturally to produce a dynamic protocol for sensing time-varying ligand 
profiles”) pointing out the dependence of Fig. 4B on  gamma: 

“...(refer to Fig. S6F to see how changing $\gamma$ affects the receptor behavior in Fig. 4B)” 

 

I would recommend mentioning the feedback parameters in the caption of Fig. 5. 

Author response:  
We thank the reviewer for this suggestion. We have added the following sentence into the caption of 
Fig. 5A:  

“the value of h determines the feedback strength between receptor activity and receptor incorporation 
into the membrane; h = 4e-3/s, d_m=1e-2 μm^2/s, k_off = 1e-1/s (see supplement, Table S2).” 

 

Also, the authors mention that the re-placement of receptors can be achieved within minutes. This 
has to be achieved through the movement of receptors. However, this cannot be due to diffusion (a 
simple calculation shows that if the peak of concentration shifts from front to back of the cell and 
taking a radius of r=10um, the distance would be l~30um. The corresponding diffusive timescale is 



 

 

given by (L^2/D) which would give a time that is much larger than "minutes"). Thus, there has to be 
another active mechanism that redistributes receptors. Is it the endocytosis, coupled with feedback, 
which somehow magically place receptors in the right location? This was not clear to me. 

Author response:  
The reviewer correctly points out that diffusion is not fast enough to enable receptor rearrangement 
across a cell of radius 10μm on the order of minutes. A receptor with typical diffusion constant ~1e-2 
μm^2/s will take ~10 hours to diffuse across a cell of radius 10μm [3]. As a result, we needed an 
active mechanism to drive receptors to redistribute in a timely manner. 

We will first discuss the active mechanisms we employed in our feedback scheme, which involves 
endocytosis and activity-dependent receptor recruitment. We will also briefly mention other active 
mechanisms for receptor redistribution. 

In our feedback scheme, receptors within the cytosol are incorporated/recruited to membrane regions 
at a rate that depends on receptor activity at that region. This process generates a positive feedback 
loop since a region of the membrane with high ligand concentration will have more active receptors, 
which will help recruit more receptors from the cytosol. Wang et al. (2019) suggest activity-
dependent receptor recruitment can be achieved through biased docking and fusion of secretory 
vesicles carrying the receptor to regions of high receptor activity, in line with previously proposed 
models [4,5]. Recent evidences suggest activity-dependent receptor recruitment plays a role in the 
spatial localization of different G-protein coupled receptors (GPCRs), including pheromone receptors 
in yeast, dopamine receptors in neurons, and guidance cue receptors in growth cones [5,7,19]. 

Several different biochemical mechanisms proposed in literature lead to the desired receptor 
dynamic, all of which rely on positive feedback. For example, a microtubule-dependent mechanism 
has been proposed to explain how GABA receptors redistribute towards membrane regions with 
higher ligand concentration [6]. Receptor activation stimulates microtubule elongation which in turn 
transports more receptors to regions of high receptor activity. Differential internalization is another 
mechanism for receptor redistribution, where active receptors are endocytosed less efficiently, 
leading receptors to accumulate at regions of high receptor activity [8]. 

In conclusion, our feedback scheme relies on activity-dependent receptor recruitment for receptor 
redistribution. In reality, other mechanisms may operate in cells either alone or in conjunction. We 
have added the following lines to Result section 5 (titled “Simple feedback scheme rearranges 
receptors to achieve near-optimal information acquisition”): 

“Activity-dependent receptor recruitment provides the necessary feedback that enables ligand-
dependent receptor redistribution. Recent works suggest activity-dependent receptor recruitment can 
be achieved through biased docking and fusion of secretory vesicles carrying the receptor to regions 
of high receptor activity.” 

We also edited and added references to the following sentence in the paper: 



 

 

“Feasible alternatives such as activity-dependent endocytosis or microtubule-dependent  receptor 
redistribution have also been proposed. Such schemes provide a range of biochemical strategies for 
implementation of the optimal placement strategy.” 

 

What is the source/reference of Fig. 6B? 

Author response:  
Fig. 6B was a 70μm by 70μm region of a tissue environment that we simulated using partial 
differential equations (Fig. 2A, detailed method and references are in the supplemental material 
under the subsection “Tissue chemical microenvironment”). This figure is a part of the simulated 
tissue environment used throughout the paper. We have edited this sentence in the caption of Fig. 6B 
to clarify the source of this figure: 

“...the ligand field shown is a region of the tissue environment in Fig. 2A obtained through PDE 
simulation (see supplement section 4).” 

 

In Fig. 6 the authors emphasize the improvement resulting from their scheme (30-fold etc.). 
However, this number depends on parameters so it would be best to mention something like "for the 
parameter values chosen". 

Author response:  
We thank the reviewer for this suggestion. We have clarified in the main text that the result presented 
in Fig 6 is for the particular set of parameter values chosen. We made sure to emphasize in the text 
that this improvement holds across a wide range of parameter values (order-of-magnitude wise), as 
shown in Fig. S9A,D. 

“Remarkably, for the circuit parameter values chosen, only $2\%$ of cells (13/600) with uniform 
receptors reached the source within $1$ hour, compared to $73\%$ of cells (436/600) using the 
feedback scheme, boosting success rate by more than $30$-folds.” 

“For the circuit parameter values chosen, cells with uniform receptors are found more than 
$\SI{5}{\micro\meter}$ away from the source $15\%$ of the time ($22204/144000$ steps).” 

I do not understand this statement "Indeed, cells that perfectly decode and always move along local 
gradient direction show minor improvements in success rate (Figure S7C)" even after looking at this 
figure. Please elaborate. 

Author response:  
This statement is simply reiterating the fact that a cell that only follows local gradients has trouble 
finding the global gradient peak (ligand source) in simulated tissue, due to the ruggedness of the 
chemical environment trapping cells in local ligand peaks. To demonstrate such trapping, we 



 

 

simulated cells that always move precisely in the direction of its local gradient (direction of maximal 
increase in ligand concentration across the cell’s surface) and show that cells become trapped at local 
ligand peaks on their way to the source.  

We have rewritten the original sentence in the paper to clarify our point: 

“Indeed, cells that only follow local gradients have trouble finding the global peak (ligand source) in 
simulated interstitial gradients, as shown by the fact that cells simulated to move precisely along 
local gradient directions (direction of maximal increase in ligand concentration across the cell’s 
surface) become trapped at local ligand peaks on their way to the source (Figure S9C).” 

 

Fig. 7A shows specific experimental distributions of receptors but these 

spatial distributions are not further used 

to compare to theoretical results, other than uniform/localized (7B). So, why show that? 

Author response:  
We thank the reviewer for this great comment as it made us realize that we need to clarify all the 
comparisons we made between our theoretical results and experimental observations, which will 
hopefully clarify the purpose of Fig. 7A. The lack of details in our original text may have misled the 
reviewer into thinking that the only comparison we made between the experimental receptor 
distribution and our theoretical predictions is whether receptors were uniform vs. localized. 

The main purpose of Fig. 7A is to demonstrate that a diverse range of natural membrane receptors 
take on distributions with two qualitative features that are consistent with the theoretically optimal 
placement strategy, specifically the receptors are highly localized and oriented towards the region of 
max ligand concentration, in stark contrast to a uniform distribution. Unfortunately, limited 
quantitative information regarding the ligand profiles experienced by the observed cells restricted our 
ability to make more detailed comparisons between theoretically predicted and empirical receptor 
distributions. Motivated by our theory, we are now using protein micropatterning techniques to 
pattern precise ligand distributions to overcome the data limitation, which will be the subject of a 
future manuscript.  

To briefly expand on the localized receptors shown in Fig. 7A, even within the limits of current data, 
the images in Fig. 7A illustrate a clear contrast between receptors that are uniformly distributed vs. 
localized, across a wide range of cell types. We have revised Fig. 7A to make the localization data 
more precise and accessible by changing two panels (7A-ii, iii) to demonstrate temporal progressions 
of receptors. Panel 7A-ii and iii shows clear temporal progressions of uniform receptors becoming 
localized within ~10 minutes, in a T lymphocyte and growth cone, respectively . In addition, Fig. 7A-
iv illustrates  that within a ligand gradient (white dots mark ligand source), there is a clear visual 
difference between receptors that remain uniform (Fig. 7A-iv) vs. localized (Fig. 7A-i, ii, and iii). 



 

 

In addition to demonstrating localization in biological data, Fig. 7A shows that receptors that do 
localize, do so at the position of highest ligand concentration, another key feature of the theoretically 
optimal strategy. In a ligand gradient, all natural receptors (red dots in Fig. 7B) with parameters 
corresponding to large efficacy \eta (now defined as the absolute instead of the relative information 
gain in our original submission, see Equation 5-8 for detail) localized to the membrane region with 
max ligand concentration (i.e. region closest to the ligand source). These qualitative observations of 
receptor dynamics are all noted within the individual papers, which we present directly using the 
original imaging data. In Fig. 7A-iii, GABA receptors localize over time to the membrane region 
experiencing the highest GABA concentration (arrow indicate source direction, center panel taken 
before 10 minutes, right panel taken after 10 minutes). Similarly, Fig. 7A-ii shows CCR5-GFP 
(green) dynamically redistributing towards the CCL5 source (bottom edge), a process that is due to 
an active mechanism dependent on receptor activity rather than nonspecific membrane flow [20]. 
Taken together, Fig. 7A shows that our information theoretic framework predicts both the 
localization of receptors and the general position they localize to. In particular, the localization is 
reversible in that receptors can redistribute to align with new ligand peaks. 

In conclusion, Fig. 7A illustrates good agreements between the distribution of membrane receptors 
observed in cells and our theoretical predictions. Although technical challenges in the past have 
limited information in the literature regarding ligand/receptor distributions in natural environments, 
the situation is rapidly improving as more high-through techniques can now characterize the spatial 
distribution of signaling molecules in complex environments such as tissues and soils [9,10]. We are 
excited for our work to motivate development in this important direction. We have added the 
following lines to Result section 7 (titled “Optimal efficacy accurately predicts experimental 
observations of membrane receptor distribution”) to emphasize these points: 

“Comparing data across cell surface receptors from multiple cell types found in human tissue, Fig.7B 
shows that receptors (red dots) with parameters corresponding to large \eta have been observed to 
localize in non-uniform environments (Fig.7A-i-iii). Moreover, localized receptors concentrate at the 
region of the membrane with the highest ligand concentration, consistent with the theoretically 
optimal strategy. Such localization is clearly illustrated in panels A-ii and A-iii. Fig. 7A-ii shows, 
within 5 minutes, uniform CCR5 redistributes towards the source of CCL5 placed at the bottom edge. 
Fig. 7A-iii shows GABA receptors localize to the membrane region experiencing the highest GABA 
concentration (arrow indicates source direction). Receptors (white dots) with parameters (K_d, N) 
corresponding to small \dii, however, are always uniformly-distributed (Fig.7A-iv), even when the 
environment is non-uniform (white dots in Fig. 7A-iv indicate ligand sources). More detailed 
comparisons between the experimental receptor distributions and the theoretical optimum is 
unfortunately not possible, because quantitative descriptions of the ligand profiles experienced by the 
observed cells are not available.” 

 

Also, the other dots in 7B are not referred to in the legend and one has to dig that up from a suppl. 
table. Please mention them explicitly in the legend. 



 

 

Author response:  
We thank the reviewer for this suggestion. We have added the following sentence in Fig 7B caption 
explicitly naming all the receptors referenced: “Red dots… (CCR2, CXCR4, CCR5, GABAR, 
Robo1), white dots… (IL-2R, TNFR1, TGFbR2, CR3, C5aR).” 

 

Finally, unless I misunderstand the plot, the line is derived using specific model parameters. How 
does it depend on these parameters? 

Author response:  
We thank the reviewer for pointing out the dependency between the dashed line in Fig. 7B and model 
parameters. We will discuss what the dashed line means, how it was obtained and how it depends on 
model parameters. 

The dashed line in Fig 7B is a contour line corresponding to our original efficacy value (\eta) of 10%, 
in other words for all receptors with parameter values (Kd, dissociation constant and N, receptor 
surface expression level) that lie on this line, cells adopting the optimal receptor distribution acquires 
10% more information than the uniform distribution. This line was intended to help the reader 
distinguish regions with efficacy higher than 10%, which happens to be the entire region below the 
line, from those lower than 10% (regions above the line). We specifically picked 10% to show that 
the optimal efficacy of all receptors observed to be uniform are strictly less than all receptors 
observed to be localized. If we were to pick a different efficacy value, the corresponding contour line 
will have a different position. 

For a given environment, alpha (constitutive receptor activity) is the only free parameter that affects 
Fig. 7B and hence the contour line. Since it is computationally intensive to fully reproduce Fig. 7B 
for different values of alpha, we computed efficacy \eta for parameter pairs (K_d, N) corresponding 
to the 10 natural receptors using 5 different values of alpha, shown in Fig. S10B. Fig. S10B shows 
that although efficacy changes with alpha, the differences in efficacy between localized and uniform 
receptors persist. In fact, Fig. S10B shows that changing alpha by two orders-of-magnitude does not 
change our main finding that natural receptors observed to adapt the localized strategy (red bar) are 
predicted to derive a lot of benefit from doing so (high \eta), while receptors that remained uniform 
even in non-uniform environments (blue bar) are predicted to derive little to now benefit from doing 
so (low \eta). Fig. S10B also shows this result holds if we compare receptors using our original 
efficacy measure of relative information gain. 



 

 

 

Fig. S10B 

To avoid confusing readers, we decided to remove the contour line in Fig. 7B, and instead chose a 
more appropriate colormap that shows more clearly how efficacy changes as parameter values vary. 
We also referenced the new supplement figure in the main text by adding the following line to Result 
section 7. 

“Furthermore, although Fig.7B is based on a fixed $\alpha$ (constitutive receptor activity), the 
striking relationship between receptor organization and optimal efficacy $\eta$ holds for values of 
alpha spanning at least two orders-of-magnitude (see Fig. S10B).” 

Lastly, we corrected a mistake for the value of K_d and N (receptor number) for CXCR4, and N for 
CR3. In addition, we corrected an error in the code used to generate Fig. 7B. None of these changes 
affected the main conclusion of this section.  

 

 



 

 

Reviewer 2: 

In their manuscript "Localization of signaling receptors maximizes cellular information acquisition in 
spatially-structured natural environments" the authors Wang and Thomson develop an information-
theoretic framework for optimizing the distribution of receptors on a 1d bin-like representation of the 
membrane for encoding a maximal amount of information about (equally discrete) external ligand 
distributions. They then carry out such optimizations for a range of different biological scenarios 
(and corresponding ligand distributions), in both static and dynamical settings. They demostrate, for 
a decent range of examples, that optimizing the receptor placement in space can signifnicantly 
enhance information acquisition, with nontrivial strategies emerging in dependence on the specific 
ligand profiles present in the respective scenarios. 

Overall I am very positively impressed by this work, in that it applies a recently increasingly 
prominent approach for finding good functional solutions in biological systems, namely by 
optimizing a quantitative objective function representing biological function (here mutual 
information between the receptor and ligand distributions). To my knowledge, this has not yet been 
done in the detail put forward by the authors' study for the case of ligand-receptor profiles. I would 
recommend to the authors to put their work into the context of this emerging research approach more 
generically by citing (some of) the literature that I provide as a list at the end of this review. 

However, apart from a couple of minor issues presented below that I would like the authors to 
respond to, I believe that the following more relevant issue needs to be thoroughly addressed and 
revised before this work can be accepted for publication: 

The mathematical framework established by the authors for computing mutual information between 
ligand distributions and the corresponding distributions of active receptors defines a discrete setting, 
in which the membrane is divided into a number of "bins" or "channels" that differ by their 
respective ligand and recptor number. Now it is important to realize that in such setting the number 
of bins m defines the maximum for the mutual information computed on them, I_max = log2(m), and 
to clearly emphasize this in the paper, because this sets the scale for all information values reported 
in either bits or nats. If m is changed, this is therefore expected to lead to different values of the 
mutual information upon optimization, irrespective of the true ligand profiles (which in nature, of 
course, by default are not "binned" into such discrete sensing "channels" due to the non-discrete 
nature of space). 

Author response:  
We thank the reviewer for bringing up the important point that the number of bins (m) affects the 
maximum mutual information (I_max), and so sets a scale for the mutual information reported in the 
paper. We first show that the core conclusion of the paper holds for different choices of m, followed 
by a mathematical derivation for the relationship between m and the maximal mutual information. 

First, the result that optimizing receptor placement is significantly more beneficial in natural 
environments compared to simple gradients holds for a wide range of membrane bin numbers. We 
measure the benefit of optimizing receptor placement using the optimal efficacy, \eta = I_opt - I_unif, 



 

 

defined as the increase in the amount of information acquired by cells adopting the optimal receptor 
placement strategy compared to using uniformly distributed receptors (see Equation 5-8 for detail). 
Fig. S1B shows that \eta is significantly larger in natural environments compared to simple gradients, 
for a wide range of m values. Note in our revision we have changed the definition of efficacy (\eta) to 
be the absolute information gain, removing the normalization by I_unif, as elaborated upon in later 
responses. 

The mutual information I(C;A) (between ligand profiles C and active receptor profile A) is bounded 
by the entropy of the input (H(C)), which we will show (and as the reviewer indicates), scales 
logarithmically with m. Our model considers a situation where the cell may sense multiple ligand 
molecules at once through a vector Poisson channel, representing m membrane bins containing 
receptors. The input to this channel is a vector of m non-negative integers, where the i-th component 
corresponds to the number of ligands at the i-th membrane bins. Similarly, the output is a vector of 
integers where each component corresponds to the number of activated receptors at each of the m 
membrane bins. Suppose there is an average of �̄� ligand molecules uniformly distributed around the 
cell, so that each membrane bin experiences �̄�/푚 molecules on average. Additionally, we take the 
ligand number at each bin to exhibit Poisson fluctuations, C_i ~ Pois(�̄�/푚). In this setting, we can 
bound the mutual information as follows, 

 

where H(C_i) denotes the entropy for a Poisson random variable with mean �̄�/푚, 

 

In the limit of large m, this upper bound takes on a simple form, 

 

giving us the log(m) dependence as alluded to earlier. 

To clearly emphasize the fact that the bin number sets a scale for the mutual information reported in 
the paper, we added supplemental subsection 1.3 where we provided a more detailed version of the 
derivation above.  



 

 

 

Fig. S1 

Furthermore, we added the following lines to Result section 1 titled “An optimal coding framework 
allows the computation of optimal receptor placement given spatial signal statistics” to emphasize 
these points and refer readers to the new supplement subsection. 

“Importantly, note the choice of m (membrane bins) sets an upper bound on the mutual information, 
and hence sets the scale for all information value reported in this paper (see supplement subsection 
1.3 for derivations of this relation).” 

 

Morever, I do not understand why the authors opted for the "entropy" defined on p.7. If the number 
r_i depend on their sum N, then also this measure will be dependend on it and therefore not defined 
in a generic fashion. With Shannon's information entropy we are provided by a definition that would 
hold independently of N, and in addition relate to the mutual information measure central to the 
authors' work. It could be computed in the same way as the other entropy employed so far, by using 
normalized "empirical" probabilities pR_i = r_i / N in the corresponding definition formula: 

S = - sum( pR_i * log2(pR_i) ) 

This entropy (definition) has the same properties as the simpler one used by the authors, except for 
the fact that it does not depend on N. Please mind the minus sign in the definition, which assures that 
this measure is positive. It is also recommendable to use the base of 2 for the logarithm for 
expressing mutual information and entropy values in bits rather than nats, which is the common way 
in the community. It should be noted that with the definition of entropy above, the scale / maximal 
value is limited by the number of channels m in the same way as for mutual information, as described 
above. For the case of a maximally nonlocalized, i.e. uniform distribution, the value then amounts to 
the maximal one, log2(m). I would strongly advise the authors to switch to the Shannon-version of 
entropy, because it is more comparable and "only" suffers from its dependence on the no. of 
channels, m. 



 

 

Author response:  
The reviewer is absolutely correct that the normalized quantity of r_i/N should be used in place of 
r_i. We actually did use r_i/N in our computation and this is what is plotted in Figure 2, we simply 
made a typo in the main text. We corrected the typo in the main text and noted the dependency on m: 

“The entropy of receptor profile $\bm{r}$, defined as $H(\bm{r}) = -\sum_i \frac{r_i}{N} \log 
(\frac{r_i}{N})$, can be used as a measure of localization. Note the maximal value of this entropy 
measure is limited by the number of membrane bins m.” 

In addition, we re-express the entropy value using base 2 of the logarithm instead of natural log. 

 

I am even more worried about the definition of "efficacy" introduced in the manuscript. Here I see 
the following problem: The mutual information between the ligand profile(s) and a nonoptimized, 
uniform active receptor distribution, used for normalization of the efficacy measure, obviously also 
depends on the number of bins m--but in the formula for the "efficacy" this issue in the end drops out 
because it affects both the teller and denominator. However, more importantly, it is to be expected 
that the average value of the mutual information btw. ligands and uniform receptor profiles, used for 
normalization, will actually depend on the (average/recurring) properties of the ligand profile(s). For 
example, in the trivial case in which both the ligand and receptor profiles are uniform with 
deterministic mapping between ligands and receptors the MI will attain the high value of log2(m). 
This obviously is a "pathological" case, and the efficacy here overall would result in 0 anyhow. 
However, also for the case that the receptor profiles are not exactly uniform and the mapping may be 
somewhat noisy, we still expect a comparably high value for the mutual information used in the 
denominator of efficacy. In the somewhat contrary case in which the ligand profiles are completely 
random (with strongly varying ligand numbers between neighboring bins/channels), in turn we 
expect a very low "baseline" mutual information in the denominator. The "scale" of sensing 
improvement or "efficacy" therefore should depend on how ragged the ligand profiles are, and may 
lead to high efficacy values for strongly ragged profiles compared to more continuous profiles only 
because the mutual information used for normalization in the efficacy measure on average is much 
lower. In that case the efficacy as defined by the authors would be deceiving (or, saying differently: 
What exactly would it tell us, also in view of biological relevance?). 

In order to check whether and to what extent this issue does affect the work of the authors, I would 
therefore like to ask them to carry out a simple check: Please provide the efficacy plots (in particular 
the ones of Fig. 2) also in a version in which the teller and denominator are plotted separately. This 
way we should see whether the "normalization" scale indeed varies between the different classes of 
ligand profiles considered, and to what extent. 

Author response:  
We thank the reviewer for this fantastic comment. In our initial submission, we defined efficacy 
(\eta) by normalizing the absolute information gain due to optimizing receptor placement (훥𝐼 := I_opt 
- I_unif) by the information acquisition due to uniformly distributed receptors (I_unif, see Equation 5-



 

 

6 for detail). We agree with the potential issue of different environments having different 
“normalization” scales (I_unif). For example, tissues with more rugged ligand profiles relative to 
smooth gradients will have a smaller I_unif, leading to a higher efficacy computed in tissue even if 
there is little to no difference in 훥𝐼 between the two environments. 

To address the reviewer's comments, we made new plots showing that the drastic difference in 
efficacy (( I_opt - I_unif)/I_unif) between natural and gradient environments is mainly due to 
difference in the absolute information gain 훥𝐼, not differences in the normalization factor I_unif. 
Hence our finding that receptor placement optimization is more effective in tissue and soil compared 
to simple gradients is not a consequence of variations in the normalization factor between 
environments. 

Following the reviewer's suggestion, we provided the efficacy plot in Fig. 2 (panel C-E) in versions 
where 훥𝐼 and the normalization factor I_unif are plotted separately (Reviewer figure below), showing 
that while I_unif does not vary significantly between environments, the absolute information gain 
(bits) is substantial in tissue and soil but not in gradient environments. As the reviewer shrewdly 
predicted, Reviewer figure C and Dii) shows that I_unif is consistently lower in the tissue 
environment compared to the (fitted) simple gradient. Note that I_unif in soil may be higher than in 
simple gradient due to differences in ligand concentration, which was strictly controlled for between 
tissue and gradient since the gradient is just an exponential fit to the tissue environment. Comparing 
the 훥𝐼 and I_unif plots in Reviewer figure C shows that 훥𝐼 is substantially higher in tissue and soil 
while I_unif exhibits little variation between the three environments, so the resulting differences in 
efficacy is mostly due to variations in 훥𝐼 not I_unif. Take the 5μm cell for example, 훥𝐼 is 0.4 bits 
higher in tissue compared to the simple gradient, but I_unif is only 0.05 bits lower in tissue. A similar 
result holds at the level of individual ligand profiles c. Reviewer figure E shows that 훥𝐼 for individual 
ligand profile is an order of magnitude higher in tissue and soil compared to a gradient environment, 
while differences in I_unif is relatively insignificant, reaffirming the fact that differences in efficacy 
between environments is mainly due to the difference in information gain 훥𝐼, not differences in the 
normalization factor I_unif. 

In conclusion, differences in efficacy between natural and gradient environments is mostly a result of 
substantially higher information gain in tissue and soil rather than variations in the normalization 
scale. 

We agree with the reviewer that the normalization raises the potential for skewing and confusion, so 
we have changed our definition of efficacy (\eta) from the original measure to absolute information 
gain (훥𝐼 in bits). This change required us to remake four figure panels (Fig.2 C-E, Fig.7B). All other 
figures with efficacy measures, such as heat maps in Fig. 3B or Fig. 5C,F, are not affected because 
they report ratios of efficacy where the I_unif are equal and cancel out. In Fig.7B, we do not compare 
efficacy between different classes of environments, so the issue of environments having different 
normalization factors does not apply. We plotted Fig.7B in terms of 훥𝐼 and confirmed that the 
conclusion still holds, namely for natural receptors functioning in tissue, those with parameters (K_d, 
N) corresponding to higher \eta are more likely to adapt the optimal localized distribution. 



 

 

 
Reviewer figure: each panel corresponds to a plot from Fig. 2 in the original manuscript, plotted using 
three different information quantities: original efficacy (\eta = (I_opt-I_unif)/I_unif * 100%), absolute 
information gain (훥𝐼 = I_opt-I_unif), information acquisition with uniformly distributed receptors (I_unif) 
(Equation 5 and 6). (E) the information measures are computed for individual ligand profiles c, defined in 
the dotted box at the top (Equation 10). 



 

 

In view of what would be relevant to report in the context of biological function, then one should 
consider to focus on the teller used in the efficacy formula, i.e. on the actual absolute average 
improvement by optimization of receptor placement. Here, of course, one should keep in mind (and 
emphasize) that MI is an exponential measure, so an improvement by one bit has a different meaning 
when going from 1 to 2 vs. 3 to 4 bits (which may have been the authors' original motivation for 
employing a normalized measure). However, one reasonable option would be to convert the average 
MI values to the number of univocally discernable states given by 2^I, and to report the average 
difference of this measure. This would reflect, on the biological side, the (average) number of 
additional sensing "channels" that open up by optimizing the recptor profile, which is maximized 
when the mutual information reaches log2(m). In such description, one could then state that for the 
particular ligand distribution scenarios studied, having a uniform receptor distribution boils down to 
only so and so many reliable communication channels, while optimizing the receptor distribution 
increases that number by a certain (hopefully high) amount, and possibly up to the maximum m. To 
this would seem much more intuitive and more suitable for making statements about biological 
relevance, in particular when comparing between different sensing scenarios. 

Of course, here one could also envision a relative measure of the kind (2^Iopt - 2^Iuni) / 2^Iuni. 
However, I then still see the problem that increasing the number of (perfectly) reliable channels from 
2 to 4 would be the same as improving from 20 to 40, with 100% efficacy. Overall I believe that 
reporting the absolute number of "perfect channel increase", possible next to but not divided by the 
corresponding number for uniform receptor distribution, is more reasonable. 

Author response:  
We thank the reviewer for taking the time to provide such detailed suggestions to improve the 
efficacy measure. 

We have decided to emphasize the absolute information gain (훥𝐼 in bits), I_opt - I_unif as the 
primary efficacy measure, in addition to reporting the increase in the number of distinguishable input 
state (2^I_opt - 2^I_unif) and the relative information gain (훥𝐼/I_unif) in the supplement. Since 
information in bits is widely used in the literature, we think the absolute information gain will be 
more familiar to readers compared to other options. Although the mutual information is an 
exponential measure, so that an improvement by one bit has different meaning depending on the 
baseline value I_unif, this fact does not hinder interpretation of \eta as I_unif is very similar between 
the three environments considered (Fig. S4A). 

We also liked the absolute increase in the number of distinguishable input states, 2^I_opt - 2^I_unif, 
as suggested by the reviewer, since it accounts for the magnitude of I_unif. As for our original 
measure 훥𝐼/I_unif, we like the normalization because I_unif provides a natural scale for 
interpretation of 훥𝐼, especially since we are only interested in differences in information acquisition 
that are due to differences in receptor placement.  

Given these considerations, we decided to report \eta = I_opt - I_unif as the efficacy metric 
throughout the paper. In addition, we show versions of Fig. 2 plotted in terms of 2^I_opt - 2^I_unif 
and 훥𝐼/I_unif in Fig.S4. Importantly, regardless of which measure we choose, Fig. S4A shows that 



 

 

optimizing receptor placement is always orders of magnitude more beneficial in natural habitats of 
soils and tissues compared to simple gradients. Furthermore, Fig. S5C-D confirms that the robustness 
of the optimal strategy also holds irrespective of the efficacy measure (note that Fig. 3B remains 
unchanged when changing the measure from relative to absolute information gain). Our main results, 
therefore, are independent of our choice of the efficacy measure among the three measures 
considered. 

In Result section 2 titled “Receptor localization optimizes information acquisition in natural 
environments”, we added the following lines to note the fact that the mutual information is an 
exponential measure, so an improvement by one bit has different meaning depending on the baseline 
value I_unif, and to also refer to the alternative metrics provided in the supplement: 

“Lastly, although the mutual information is an exponential measure, so an improvement by one bit 
has different meaning depending on the baseline $I_{\mathrm{unif}}$, this fact does not hinder 
interpretation of $\eta$ as $I_{\mathrm{unif}}$ is similar between the three environments 
considered  (Fig. S4A).” 

”In addition to the large difference in optimal efficacy ($\eta$) between natural environments and 
simple gradients, Fig. S4 shows similar differences exist when comparing other metrics such as 
relative information gain (($I_\mathrm{opt} -I_{\mathrm{unif}})/I_{\mathrm{unif}}$) and absolute 
increase in the number of distinguishable input signals ($2^{I_\mathrm{opt}} -
2^{I_{\mathrm{unif}}}$). For example, the optimal placement strategy increases the number of 
distinguishable input states by 40 in tissue, while optimizing the same receptors in the (fitted) 
gradient environment leads to an increase of 1 state (Fig. S4A).” 

 

In addition to these major issues with the definition and presentation of the information-theoretic 
measures used in the paper, I would like to ask the authors to also address the following minor issues: 

- p. 4: "a random vector": Do you mean "arbitrary vector"? 

Author response:  
we mean a vector whose entries are random variables. We have changed that sentence to read: 

“The input to these $m$ channels is $\bm{C} = (C_1, ..., C_m)$, where C_i is a random variable 
representing the amount of ligands at the $i$-th membrane region.” 

 

- p. 4: Definition (1): Does the log function here reflect the natural logarithm? It is surely a matter of 
taste what to choose for the basis, but in information theory, at least in the classical "Shannon sense", 
the basis 2 seems more common. This also holds for a range of recent applications in biology. 
Moreover, basis 2 is more intuitive because it allows to convert the mutual information to an intuitive 



 

 

notion, the number of different states / signals that can be discriminated (perfectly) unambiguously. 
This is harder to do with "nats" than with "bits". 

Author response:  
We thank the reviewer for this great point, we have changed all relevant quantities to base 2. To 
make this clear, we have labeled all information quantities with “(bits)” in all figures and added the 
following clause after equation 1 where we define the mutual information: “All log are taken in base 
2.” 

 

- p. 4: The whole mathematical framework is designed for the case of constant receptor number N. It 
should be clearly stated which consequences this has for the MI measure defined, i.e., how the latter 
is affected by N. Does the mutual information actually converge, for N->infinity, to the maximal 
bound log(m), with m the number of sensing channels, as desribed further above in more detail? 

Author response:  
We thank the reviewer for pointing out the fact that receptor number N can affect the mutual 
information I(C;A) (between receptor profiles C and active receptor profiles A). The mutual 
information increases as N increases and converges to an upper bound (Equation S14) that is a 
logarithmic function of the number of bins m, as explained above (and in supplement subsection 1.3 
in detail). 

We illustrate these points with a new supplement figure Fig. S1A, where we plot the mutual 
information against m, for different receptor numbers. We assumed a uniform environment with an 
average of \bar{c}/m ligand molecules per bin, sensed by a uniform distribution of N/m receptors per 
bin. Each blue line in Fig. S1A represents the relationship between m and mutual information for a 
given number of receptors per bin (N/m). For a fixed m, Fig. S1A shows that the mutual information 
I(C;A) converges to its upper bound (red line) as N increases. 

We added the following sentence to Result section 1 to emphasize the points above: 

“Note the mutual information converges towards its upper bound as N increases (Figure S1A).” 

 

- p. 4: In formula 3, what is the influence of parameter alpha on the mutual information? Why is it 
needed in the first place (is there a technical reason)? What happens in the limit of large alpha (do we 
get into the limit equivalent to a uniform receptor distribution)? 

Author response:  
We thank the reviewer for raising these questions regarding the influence of alpha on mutual 
information and the limiting case of large alpha. Alpha is a measure of constitutive receptor activity, 
which is receptor activation in the absence of ligands. We will explain why we included alpha in our 
model and its influence on mutual information. 



 

 

The parameter alpha was added to account for constitutive activity of biological receptors, including 
many GPCRs [11]. Given varying degrees of constitutive activity among receptors, we show in Fig. 
2C and Fig. S4A that changing the value of alpha across orders of magnitude does not change the 
main result that optimizing receptor placement is significantly more effective in tissues and soils 
compared to simple gradients. 

Constitutive activity represents receptor activation that is independent of ligand concentration, thus 
reducing how informative receptor activity is of ligand concentration. As a result, regardless of how 
receptors are distributed, increasing alpha causes the mutual information (between the active receptor 
profile and ligand profile) to decrease monotonically towards zero. Fig. S4A shows the mutual 
information with uniform receptors (I_unif) decreasing monotonically towards zero as alpha 
increases. Since information acquisition with any receptor placement strategy, including the optimal 
strategy (I_opt), decreases toward zero as alpha increases, Fig.S4A shows that \eta = I_opt - I_unif 
converges to zero. In conclusion, information acquisition using any receptor placement strategy 
becomes equivalent to uniformly distributed receptors in the limit of large alpha.  

 

top row of Fig. S4A 

To state why constitutive receptor activity was included in the receptor channel model, we added the 
following lines to Result section 1: 

“\alpha accounts for constitutive activity of receptors observed in cells, including many GPCRs.”  

We edited Result section 2 titled “Receptor localization yields optimal spatial sensing in natural 
environments” to summarize the effect of alpha on information acquisition: 

“Note that in the limit of strong constitutive receptor activity, all receptor placement becomes 
equivalent to uniformly distributed receptors. Since receptor activation in the absence of ligands 
reduces statistical dependence between ligand level and receptor activity, the average information 
acquisition $I_{\phi}$ for any strategy $\phi$ converges to zero for large \alpha, driving information 
gain compared to the uniform strategy to zero (Fig. S4A).” 

 



 

 

- p. 5: "receptors profiles" (please check) 

Author response:  
We thank the reviewer for pointing out this typo, it has been fixed to read “receptor profiles”. 

 

- p. 6: The main comments above apply in particular to this and the following page. 

Author response: see response above. 

 

- p. 9, Fig. 3: Why are not the same scales used for panels B(i) and B(ii)? This would make them 
comparable also between the two scenarios. The values of the plotted quantity are not that far off for 
the two cases. Also, whatever quantity you decide to plot here in the end, please for completeness 
give the actual values in small numbers in the little insets above the heat maps. 

Author response:  
We thank the reviewer for pointing out this difference in scale between Fi. 3 panel B(i) and B(ii). We 
did not try to match the scale of this figure because we wanted to emphasize differences between 
different perturbations within a given environment, instead of between the two environments. 
Furthermore, comparing the two heat maps can actually be misleading, because the optimal efficacy 
(\eta(\phi^*) = I_opt - I_unif) is different between tissue and soil. For example, for a given 
perturbation (point on heat map), a larger value in the tissue heat map compared to the soil heat map 
does not imply the perturbed efficacy (\eta(\phi^p)) is higher in tissue (as the denominators 
\eta(\phi^*) are different for tissue and soil).  

We have decided to keep the figures as is and added the actual values in small numbers in the insets 
above the heat maps.  

 

- p. 10, last paragraph (bottom), shifting of the receptor profiles between t-1 and t: Does this effect or 
its strength depend on the choice of the "spontaneous" receptor activity, quantified by alpha in your 
model? If yes, to which extent are the findings dependent on this, and which value of alpha was used 
here? 

Author response:  
We thank the reviewer for pointing out the dependence between alpha and the result shown in Fig. 
4B. In Fig. 4B, we use alpha = 0.1, in range with empirical measurements [12,13]. Since alpha 
affects the mutual information, changing alpha will indeed affect the result here. In particular, 
smaller alpha leads to larger mutual information, causing the mutual information term to dominate 
the cost term in the optimization (Eq. 9). As a result, smaller alpha will make receptors more 
dynamic, localizing more readily to align with new ligand peaks.  



 

 

We added Fig. S6E to illustrate the change in receptor reorganization dynamics for different choices 
of alpha. In agreement with our prediction above, Fig. S6E shows receptors (yellow shading) 
relocalize more readily to the new ligand peak  (solid red) when we decrease alpha. In the top right 
panel (double cap, alpha = 0.05), we see more receptors (yellow shading with solid black outline) are 
localized to the new ligand peak position compared to the bottom right panel where alpha is larger. In 
either case, we still observe the two features of partial alignment and double caps. 

 

Fig. S6E dotted lines represent ligand profile (red) and receptor profile (yellow) at one time point, 
solid lines represent ligand profile (red) and receptor profile (yellow) at the next time point. 

We also added the following lines into Result section 4 (titled “Optimization framework extends 
naturally to produce a dynamic protocol for sensing time-varying ligand profiles”) to reiterate the 
points above: 

“Receptor properties such as the strength of constitutive receptor activity ($\alpha$) also affect 
receptor redistribution dynamics. For small $\alpha$, receptors localize more readily to align with 
new ligand peaks because the mutual information term in \autoref{eq:dynamicopt} becomes 
dominant over the cost of redistribution (Fig. S6E).” 

 

- p. 12, Eq. 6: It would be good to mention that h is not merely an arbitrary choice here, but taken 
from literature (if that indeed is the case). A few words about how it is actually determined would be 
helpful, again, to underpin that it is not an ad-hoc choice by the authors. 

Author response:  
We thank the reviewer for bringing up the source for the value of h. Recall that h*A_i represents the 
rate with which receptors are recruited from the cytosol to the i-th membrane position, where A_i 
denotes the number of active receptors at the i-th position. 

We set the value of h using empirical measurements from Marco et al. (2007) [14]. In fig. 3M of 
Marco et al., the authors report a quartile box plot showing estimated values for a parameter they call 
h (refer to henceforth as \bar{h}), with a mean estimate of around 0.0016 s^-1. Note \bar{h} is 



 

 

equivalent in meaning as our h*A_i. However, since h*A_i will be different across different 
membrane bins and across time, we simulate the feedback scheme for a cell in a given environment 
and set the value of h such that the mean rate <h*A_i> (averaged across membrane bins and time) is 
approximately equal to the mean estimate of 0.0016 s^-1 reported by Marco et al..  

The value \bar{h} reported by Marco et al. corresponds specifically to the transport rate of the Cdc42 
to the membrane [14]. The parameter value was obtained by analyzing fluorescence recovery of 
GFP-Cdc42 in membrane regions bleached with a laser pulse. Although the measured value 
corresponds to Cdc42, it has been used to model the effective exocytosis rate for receptors shown to 
undergo activity-dependent localization, showing good agreement with empirical data [5]. Similar 
values around 0.001-0.002 s^-1 have been measured for the recycling rate of a wide range of GPCRs 
[15-18]. 

In conclusion, the value for the parameter h was determined from empirical data reported in 
literature, with care taken to deal with changes in rate of recruitment h*A_i due to changing receptor 
activity.  

To emphasize these points, we added the following paragraph to supplemental section 6: 

“We set the value of the feedback constant $h$ using empirical measurements from Marco et al. 
(2007) \cite{marco2007endocytosis}. In Figure 3M of Marco et al., the authors report a quartile box 
plot showing estimated values for a parameter they call h (which we will refer to as $\bar{h}$), with 
a mean estimate of around 0.0016 s^-1. Note $\bar{h}$ is equivalent in meaning as our $hA_i$. 
However, since $hA_i$ will be different across different membrane bins and across time, we 
simulate the feedback scheme for a cell in a given environment and set the value of h such that the 
mean rate $\langle hA_i \rangle$ (averaged across membrane and time) is approximately equal to the 
mean estimate of 0.0016 s^-1 reported by Marco et al.. The value $\bar{h}$ reported by Marco et al. 
corresponds specifically to the transport rate of the Cdc42 to the membrane. The parameter value was 
obtained by analyzing fluorescence recovery of GFP-Cdc42 in membrane regions bleached with a 
laser pulse. Although the measured value corresponds to Cdc42, it has been used to model the 
effective exocytosis rate for receptors shown to undergo activity-dependent localization, showing 
good agreement with empirical data [32]. Similar values around 0.001-0.002 s^-1 have been 
measured for the recycling rate of a wide range of GPCRs [33-36].” 

We references this new section in the main text for Result section 5: 

“see Supplement, \autoref{S-feedbacksim} for simulation detail, including how parameter values 
were derived from literature” 

 

- p. 12, "Figure 5B shows that our feedback scheme can, within minutes, localize receptors ...": OK, 
but this holds for the specific combination of rates chosen. How generic is that finding, does it apply 



 

 

to all ligand sensing processes (order-of-magnitude-wise), or is it strictly dependent on the set of 
rates that was specifically chosen in the work of the authors? 

Author response:  
We thank the reviewer for pointing out the dependence of receptor reorganization dynamic (Fig. 5B) 
on the rate parameters of the feedback scheme. Rate of receptor endocytosis (k_off) and membrane 
recruitment (h) are key parameters that dictate the dynamics of receptor reorganization. Although we 
obtained the redistribution behavior in Fig. 5B using parameter values derived from empirical 
measurements [14], this behavior is robust to changes in both parameters across at least an order-of-
magnitude. 

The receptor reorganization result shown in Fig. 5B is robust to changes in both k_off and h. To 
demonstrate this robustness, we simulated the feedback scheme across different values of k_off and h 
(order-of-magnitude-wise), using the tissue and soil profile shown in Fig. 5B. The result of this 
simulation is added as Fig. S8A. The heat maps in Fig. S8A show the fold-enrichment of receptors at 
the max ligand peak after 10 minutes of simulation, relative to a uniform distribution of receptors (we 
have corrected the typo of “15 min” to “10 min” in Fig. 5B). For example, a value of 3 means the 
number of receptors localized to a small neighborhood around the ligand peak is three times higher 
than if receptors were uniformly distributed. Fig. S8A shows that the receptor enrichment is at least 2 
fold (tissue) and 3 fold (soil) for values of k_off and h spanning 2-3 orders-of-magnitude. Moreover, 
this enrichment is greater than 3-4 fold for parameter values near the empirical measurements (star). 

 

Fig. S8A 



 

 

We added the following sentences to Result section 5 (titled “Simple feedback scheme rearranges 
receptors to achieve near-optimal information acquisition”) to emphasize the fact that the result of 
Fig. 5B is robustness to changes in rate parameters. 

“This rapid localization is robust to changes in $k_\mathrm{off}$ and $h$ across at least an order of 
magnitude (Fig. S8A).” 

 

- p. 15, 1st / upper paragraph, "simple gradient": At this point it is a bit hard to imagine how exactly 
the fitted gradient would look like. Maybe, instead of the color range, an actual profile fitted to e.g. 
an intensity histogram of the interstitial gradient could be shown below panels B and G. That would 
make this setup much more clear and easier to understand. Please also note: "effectivelylocalizes", "1 
hours". 

Author response:  
We thank the reviewer for this great suggestion. For both panel B and G of Fig. 6, we have added a 
line plot showing two gradient profiles, the first representing the interstitial gradient (averaged across 
the y-direction) and the second representing the actual gradient profile fitted to the interstitial 
gradient. We also made references to these plots when we mention the fitted gradients in the text. We 
have also corrected the two typos the reviewer found to read “effectively localize” and “1 hour”. 

 

- p. 15: "Our feedback scheme can also help cells REMAIN ..." (instead of "retain") 

Author response:  
We thank the reviewer for this suggestion, we have changed the wording  to say “Our feedback 
scheme can also help cells remain within a highly precise region along a chemical gradient.” 

 

- Finally, please note that the idea of optimizing mutual information for predicting the best design of 
biological systems that process signals / information has been applied in a series of previous work, 
mainly in the field of developmental and circadian gene regulatory networks, but originally 
stemming from applications in neuroscience. Because of their strong methodological similarity with 
the authors' approach, these works should be attributed by the authors, either in the introduction or 
discussion section, ideally in both. Here is a list of important works that put this principle forward: 

* https://journals.aps.org/pre/abstract/10.1103/PhysRevE.80.031920 

* https://journals.aps.org/pre/abstract/10.1103/PhysRevE.81.041905 

* https://journals.aps.org/pre/abstract/10.1103/PhysRevE.85.041903 

* https://journals.aps.org/pre/abstract/10.1103/PhysRevE.91.062710 



 

 

* https://journals.aps.org/pre/abstract/10.1103/PhysRevE.93.022404 

* https://journals.aps.org/pre/abstract/10.1103/PhysRevE.97.022407 

* https://journals.aps.org/pre/abstract/10.1103/PhysRevE.97.032405 

* https://www.pnas.org/content/105/34/12265 

In the field of fly embryo development, the information-theoretic framework has also been 
successfully applied on the experimental / data analysis side, partly hand-in-hand with some of the 
theory works listed above: 

* https://www.pnas.org/content/110/41/16301 

* https://www.pnas.org/content/118/46/e2109011118 

* https://www.cell.com/cell/fulltext/S0092-8674(19)30040-6 

Please also note the following relevant review on that topic: 

https://journals.biologists.com/dev/article/148/2/dev176065/237421/The-many-bits-of-positional-
information 

And please also note the relevance of this theoretical / numerical study in the context of the feedback 
mechanism studied in your work: 

* https://aip.scitation.org/doi/10.1063/1.4901888 

Author response:  
We thank the reviewer for pointing out these important work that laid the foundation for application 
of information theoretic tools to understand biological systems. Our optimization framework was 
heavily inspired by these previous works and we have added the following paragraphs in the 
introduction and discussion section to emphasize this fact. 

Introduction 

“Inspired by previous works that applied information maximization principles to understand the 
design of biological systems for signal processing 
\citep{tkavcik2009optimizing,sokolowski2015optimizing,monti2018optimal,tkavcik2008information
,dubuis2013positional,petkova2019optimal,tkavcik2021many,cheong2011information}, we 
formulated an information-theoretic framework…” 

Discussion 

“A rich collection of works, spanning diverse areas including developmental biology, systems 
biology, and neuroscience, put forth the idea of optimizing mutual information to predict the design 
of information processing systems in biology 



 

 

\citep{tkavcik2009optimizing,sokolowski2015optimizing,monti2018optimal,tkavcik2008information
,dubuis2013positional,petkova2019optimal,tkavcik2021many,cheong2011information}. For 
example, information maximization principles have been applied to derive fundamental limits on the 
fidelity of information transfer in biochemical networks 
\cite{mehta2009information,cheong2011information}. Inspired by these works,...” 

 

I strongly believe that this work can be made an excellent candidate for publication in Cell Systems 
and an interesting contribution to the community working with information theory in biological 
problems and beyond once the issues mentioned above are fully resoled. 
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