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Robust Perfect Adaptation (RPA), or robust homeostasis, is a ubiquitous property of biological
systems, and ensures that key properties of the system can reset themselves in response to envi-
ronmental disturbances, and maintain a fixed value (the system’s ‘setpoint’) at steady-state.
RPA is a structural property of biological networks, and is independent of special parameter
choices-hence, ‘robust’. Simple network configurations that can support RPA have been
known for several decades [1-3], but until recently all known RPA-permissive network designs
were limited in size and complexity to fewer than five interacting molecules. By contrast,
almost all molecular networks of functional importance to living organisms comprise far more
than five molecules, particularly in the context of cellular signal transduction and cellular
metabolism, where hundreds or even thousands of distinct proteins or phospho-forms can
dynamically assemble into vast and intricate networks of molecular interactions. How could
the extraordinarily complex networks that have self-organized and diversified throughout evo-
lution be compatible with such robust and sophisticated functions as RPA?

Over the past several years, we have provided definitive answers to this question [4-6]-
both at level of the network macroscale [4], in terms of a complete and exhaustive set of net-
work design principles or ‘topologies’ that are compatible with RPA, and in terms of the intri-
cate intermolecular interactions that make the requisite ‘computations’ at the microscale of
biochemical reaction networks [7]. As a consequence of these discoveries, RPA now stands
alone as a fundamental biological response for which there exists a universal explanatory
framework at the molecular level and an exhaustive set of network design principles’, encom-
passing single-input/single output-networks subjected to constant-in-time disturbances,
under the assumption of stability.

PLOS Computational Biology recently published an article by Bhattacharya et al. [8] which
claims to ‘discover’ RPA-capable biological network structures using control theoretic
approaches. Since we ourselves had previously published a complete solution space for all pos-
sible RPA-capable network architectures, we would like to provide some additional clarifica-
tion on this new article [8] in the context of our more general and comprehensive prior study
[4]. We also seek to provide an expanded view of the many exciting developments in this field,
and the grand challenges for the future.

First and foremost, we acknowledge that the Bhattacharya et al. article [8] develops a sys-
tematic control-theoretic approach, along with an analysis of stability, which is able to identify
a variety of RPA-capable network structures in addition to requirements for non-zero sensitiv-
ity in these networks. The authors are also able to show that RPA minimizes the time taken for
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a network to attain its peak response. But the network structures identified as RPA-promoting
in the Bhattacharya et al. article [8] are all encompassed by our earlier study [4], which presents
a general topological method for identifying the full solution space of all possible RPA-capable
network structures. We wish to clarify for the readership of PLOS Computational Biology that
all RPA-capable networks-regardless of size or complexity—are necessarily modular in nature.
Large and highly complex RPA-capable networks may be decomposable into many such ‘basis
modules’, which can admit rich and complex realizations, but which can only be drawn from
two distinct and well-characterized classes: Opposer modules and Balancer modules. Particu-
larly simple RPA-capable networks, such as the three-node networks discovered by Ma et al.
[3] by computational screening, can consist of a single such module. Unfortunately, Bhatta-
charya et al. [8] misrepresent and mischaracterize these fundamental RPA basis modules
throughout their paper, and consistently refer to Balancer modules when describing the prop-
erties of Opposer modules, and vice versa, and also fail to recognize the full topological com-
plexity of these fundamental network building blocks. Contrary to the claims of the
Bhattacharya et al. [8] article when referring to our prior study [4] we by no means “conjec-
tured that a balancer module should contain at least one negative feedback . . .” for stability
reasons or otherwise. Balancer modules do not, in fact, require a negative feedback loop for
stability, or to achieve RPA. To clarify this important distinction, we refer interested readers to
the comprehensive and highly-accessible descriptions of the two RPA basis modules in two
recent review articles [5, 9]. Below we provide a brief summary of the general properties of
Opposer modules—the ones which do strictly require feedback for their RPA-conferring func-
tions (see Fig 1).

The distinguishing feature of all Opposer modules is the existence of at least one special
computational node whose ‘kinetic multiplier’ [4] (a real-valued function associated to each
node in a network, which encodes important mathematical properties of the reaction kinetics
at the node [4]) vanishes everywhere on the steady-state locus of the system. Computational
nodes with this special property are referred to as opposer nodes; all other nodes in a network
are characterized by non-zero kinetic multipliers. In our paper [4], we prove that an opposer
node can only exist within a feedback loop (Theorem 1 in [4]). We also prove that an opposer
node must be located within the feedback segment of the feedback loop, not the route segment,
in order to contribute its RPA-promoting functions to the network (Theorem 2 in [4]). We
develop a generalization of this idea to opposing sets (Theorem 3 in [4]), accounting for the
possibility that Opposer modules can contain multiple independent opposer nodes. Note that
a single Opposer module can only contain multiple opposer nodes if these are organized into
an opposing set (see Fig 1)-a special embedded architecture involving interlinked feedback
loops, each containing exactly one opposer node. Opposer modules can certainly contain addi-
tional feedback loops (without an opposer node) embedded into the route segments of the
module (delineated by a connector node at its apex, and a diverter node at its base, as depicted
in Fig 1), for example, or embedded into the feedback segments on either side of the opposer
node (D=0, or O=>C). These additional (optional) feedback loops are entirely compatible
with RPA (on the assumption of stability), but are not required for RPA capacity.

Contrary to the claims of the Bhattacharya et al. [8] paper, the kinetic multiplier associated
to an opposer node does not generally achieve a zero value on the steady-state locus through
special parameter conditions. Rather, the computational properties of opposer nodes—and
indeed balancer and connector nodes, which accomplish the RPA-promoting computations of
Balancer modules-are independent of specific parameter choices, and are conferred by the
special structural properties of the underlying chemical reactions. The antithetic integral con-
troller [2, 10] provides a particularly striking illustration of this concept, and more recently,
universal structural conditions for computational nodes in RPA networks have been

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011638 November 22, 2023 2/7


https://doi.org/10.1371/journal.pcbi.1011638

PLOS COMPUTATIONAL BIOLOGY Only a topological method can identify the full RPA solution space

A B C

From
Network
Input

Network
Output

Fig 1. Fundamental Design Principles of Opposer Modules. A. General structure of an Opposer module, incorporating the simplest
case of a single opposer node, O, for illustrative purposes. The opposer node (yellow) must be endowed with special mathematical
properties, known as ‘opposer kinetics’. Arbitrary network regulations or subnetworks can be incorporated or embedded at the locations
denoted by the green clouds. Node C, the ‘connector node’, and node D, the ‘diverter’ node distinguish the ‘route’ segment(s) from the
‘feedback’ segment of the module’s overarching feedback structure. B. An Opposer module with single opposer node (O), for which the
embedded regulations between nodes C and D consist of three parallel routes. The module thereby consists of three feedback loops with
a shared feedback segment, each with a unique route segment. As noted, the requisite opposer node must be embedded into the feedback
segment of the loop. C. An Opposer module with single opposer node (O), for which the embedded regulations between C and D consist
of a single feedback loop. Note that an opposer node cannot be embedded into this feedback loop, since the ‘outer’ feedback portion
delineated by nodes C and D already contains an opposer node. Multiple opposer nodes can only be incorporated into a single Opposer
module via the special structure of an opposing set. D. An Opposer module with a two-node opposing set embedded into the feedback
segment of the module. E. An Opposer module with a three-node opposing set embedded into the feedback segment of the module.

https://doi.org/10.1371/journal.pcbi.1011638.9001

discovered [7, 11]. The computational study by Ma et al. [3], which employed the simplifica-
tion of Michaelian kinetics, considered only ‘almost perfect’ adaptation. Within this simplified
biochemical description, the creation of an opposer node corresponds to the vanishing of all
Michaelis constants. Thus, many parameter choices are compatible with an adaptive response
within the specified tolerance, with smaller Michaelis constants producing smaller steady-state
deviations from the output node’s setpoint. But the fact that a vanishing parameter group can
mimic the properties of an opposer node is only possible because of the structural properties
of the chemical reactions of a covalent modification cycle, with or without positive autoregula-
tion [12, 13], a fact that becomes vividly clear from the discovery of the complete solution
space to RPA-permissive chemical reaction structures [7].

Regarding the ‘sign’ of feedback loops within an Opposer module, Bhattacharya et al. [8]
are right to suggest that if only one such feedback loop exists, it must be a negative feedback
loop—comprising an odd number of inhibitory interactions—in order to promote stability.
Our prior paper [4] makes clear that if an Opposer module contains only one feedback loop,
then it must contain an opposer node in its feedback segment-precluding the possibility of a
direct link between the output (or at least the diverter node of the module) and the input (or
connector node); cf. Theorem 4 in [8]. But more importantly, the authors overlook the tre-
mendous additional network complexity that could exist within Opposer modules. We suggest
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that Bhattacharya et al. [8] could have made a much stronger statement on the requisite signs
of feedback loops in RPA-promoting modules: Any feedback loop containing an opposer node
must be a negative feedback loop. This more precise statement encompasses more complex
versions of Opposer modules that include opposing sets; it also allows for the possibility that
other (allowed but inessential) feedback loops (e.g. a small loop embedded into the route seg-
ment of an Opposer module-see Fig 1c above) could be positive for certain special parameter
regimes, and still produce a stable network. Unfortunately, the method used by Bhattacharya
et al. [8] does not allow for the discovery of opposing sets, and is therefore silent on the charac-
teristics of such relatively complex feedback-regulated architectures within Opposer modules.

We clarify for the readers of PLOS Computational Biology that Balancer modules never con-
tain opposer nodes, although they can certainly contain feedback loops embedded into their
parallel routes. These feedback loops, if they exist, consist exclusively of a special type of
computational node known as balancer nodes. All Balancer modules also contain a single
connector node, which is a third distinguished class of computational node, distinct from both
opposer nodes and balancer nodes.

Unlike the Bhattacharya et al. [8] paper, our article [4] places little emphasis on stability,
since in a completely general setting—accounting for the full solution space of RPA-capable
designs that we identify in our study [4]-stability is an exceedingly complicated matter.
Indeed, stochastic implementations of certain RPA-promoting molecular interactions, such as
antithetic-integral control [2, 10, 11, 14], can admit stable performance even when the corre-
sponding deterministic model is unstable. Our brief closing remarks on stability in Supple-
mentary Note 8 in [4] underscore the tremendous difficulty of drawing definitive conclusions
as to stability for general parameter regimes for large and highly complex RPA-promoting net-
work designs that could feature many feedback loops. These remarks do not constitute a “con-
jecture”. Assuming that any feedback loop containing an opposer node is negative, then
stability also depends on feedback loop parameters and even the magnitude of the distur-
bance/stimulus to which the network is expected to adapt [15]. In practice, evolution will
quickly discard unstable networks, and will instead traverse a network design space that
engenders stability for a suitably wide range of parameter regimes and network disturbances
that are relevant to the biological context at hand.

The overarching technical difficulty with the Bhattacharya et al. [8] study is that it is unable, by
its very nature, to offer a completely general picture of the network design space for RPA. Curi-
ously, the authors claim that we “developed a graph-theoretic method to address (this) problem”.
In actual fact, the cornerstone of our method was to first interpret the individual signed terms of
the RPA equation (the algebraic condition for RPA, comprising an (n—1)-th order polynomial of
up to (n—1)! terms for an n-node network) as points in a topological space, together with collec-
tions of ‘independently-adapting subsets’. This collection of subsets constitutes a topology on the
terms of the RPA equation. We proved that a ‘minimal’ such subset could belong to one of two
distinct forms: S-sets and M-sets. Only through a comprehensive analysis of the permissible alge-
braic structures of these two classes of subsets, and by considering the relationship of the contents
of these subsets to structural properties of the associated network, could a topological basis for any
RPA equation be definitively established. And only by relating these topological basis sets to their
corresponding network architectures (modules), could we arrive at an exhaustive description of
all possible RPA-capable network designs. In doing so, we identified novel network features of
RPA-promoting modules, such as opposing sets (see *” for further details), and also rigorously
established the intermodular connectivity rules that allow arbitrarily large networks to achieve
RPA through multi-modular network designs.

Interestingly, Bhattacharya et al. [8] claim in their Supporting Information that “there are
two ways in which all of the terms of (the RPA Equation) sum up to zero, (1) All the terms are
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zero individually. (2) There exist terms with equal and opposing actions.” What the authors
are actually describing here are the properties of a single ‘independently-adapting subset’ of an
RPA Equation, not the RPA Equation as a whole, in complete generality. Indeed, their point
(1) corresponds to a description of an S-set (albeit without considering the potentially complex
internal structures of such sets, which can give rise to opposing sets), while point (2) represents
a simplified description of an M-set. In this connection, we clarify for the readers of PLOS
Computational Biology that the network designs considered by Bhattacharya et al. [8], which
they claim to hold for networks of any size are, in fact, simply larger versions of the three-node
motifs identified by Ma et al. [3], and ignore more complicated realizations of the basis mod-
ules and the complex possibilities of multi-modular networks.

Many results and special cases have been ‘rediscovered’ and presented as ‘new’ by Bhatta-
charya et al. [8], despite being straightforward corollaries of our prior study [4]. For instance,
it is clear that RPA could arise in a two-node network in which one node is the input/output
node, and the other node is an opposer node (see, for example, Figure 2 and Supplementary
Note 2.4 in our paper [4]). This was by no means an open question at the time of the Bhatta-
charya et al. [8] study. Theorem 3 by Bhattacharya et al. [8] is covered by our exhaustive analy-
sis of M-sets (see, for example, the Supplementary Notes 3.2.3 and 3.2.4 in our prior work [4]),
which also recognizes that the collections of parallel routes in a Balancer module may contain
embedded feedback loops comprised entirely of balancer nodes (not opposer nodes); these
feedback loops are compatible with RPA, but not required. Their Theorem 3 [8] also fails to
recognize that such feedback loops create the possibility of a Balancer module with only coher-
ent feedforward paths (routes)-see also Ma et al. [3] Fig S12 (Supplemental Data, Section 9 in
[3]). Theorem 4 [8] follows from the most basic fact about any Opposer module with a single
opposer node: the opposer node must reside in the feedback segment of its feedback loop(s),
not the route segment, precluding a direct link from output back to input. Since any feedback
loop containing an opposer node must be a negative feedback loop, all parallel routes within
the route segment of an Opposer module (connecting the connector node to its downstream
diverter node-see Fig 1 above) must be coherent. Theorem 5 [8] follows from the fact that any
RPA-capable network must contain at least one RPA basis module-either an Opposer module
or a Balancer module.

While we recognize that Bhattacharya et al. [8] identify requirements for non-zero sensitiv-
ity in RPA-capable networks, and also show that RPA minimizes the time taken for the net-
work to attain its peak response, these findings fall far short of the “discovery” of “adaptation-
capable biological network structures” that their title so boldly claims. Moreover, we clarify for
interested readers that many forms of robust homeostasis in nature exhibit a special form of
RPA known as absolute concentration robustness (ACR) [7, 16] which requires no such non-
zero sensitivity. We also note for the interest of readers the several recent landmark contribu-
tions to synthetic biology [17, 18] which recognize the unhelpful role of excessive ‘sensitivity’
in the transient responses of RPA networks, and which develop novel strategies to mitigate
these potentially pernicious responses.

As we note in a more recent study [7], the quest to identify a universal set of design princi-
ples for the complex, self-organizing networks that can exist in nature, throughout all domains
of life, is widely considered a brass-ring grand challenge in the life sciences. We hope that our
recent discovery of the universal structural requirements for RPA [4-7], along with the abun-
dance of exciting new work in this field [9-13, 17-22], will inspire the readers of PLOS Compu-
tational Biology to consider the fundamental network principles governing more complex
phenotypes-Turing patterning, for instance, or multistability/switching responses. These
grand challenges remain open.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011638 November 22, 2023 5/7


https://doi.org/10.1371/journal.pcbi.1011638

PLOS COMPUTATIONAL BIOLOGY Only a topological method can identify the full RPA solution space

Author Contributions
Conceptualization: Robyn P. Araujo.
Investigation: Robyn P. Araujo.

Project administration: Robyn P. Araujo.
Visualization: Robyn P. Araujo.

Writing - original draft: Robyn P. Araujo.

Writing - review & editing: Robyn P. Araujo, Lance A. Liotta.

References

1. BarkaiN, Leibler S. Robustness in simple biochemical networks. Nature. 1997; 387(6636):913-7.
https://doi.org/10.1038/43199 PMID: 9202124.

2. Briat C, Gupta A, Khammash M. Antithetic Integral Feedback Ensures Robust Perfect Adaptation in
Noisy Biomolecular Networks. Cell Syst. 2016; 2(1):15-26. Epub 20160127. https://doi.org/10.1016/j.
cels.2016.01.004 PMID: 27136686.

3. MaWz, Trusina A, EI-Samad H, Lim WA, Tang C. Defining Network Topologies that Can Achieve Bio-
chemical Adaptation. Cell. 2009; 138(4):760-73. https://doi.org/10.1016/j.cell.2009.06.013
WOS:000269156100017. PMID: 19703401

4. Araujo RP, Liotta LA. The topological requirements for robust perfect adaptation in networks of any
size. Nat Commun. 2018; 9(1):1757. Epub 20180501. https://doi.org/10.1038/s41467-018-04151-6
PMID: 29717141; PubMed Central PMCID: PMC5931626.

5. Araujo RP, Liotta LA. Design Principles Underlying Robust Adaptation of Complex Biochemical Net-
works. Methods Mol Biol. 2023; 2634:3—-32. https://doi.org/10.1007/978-1-0716-3008-2_1 PMID:
37074572.

6. Araujo RP, Vittadello ST, Stumpf MPH. Bayesian and Algebraic Strategies to Design in Synthetic Biol-
ogy. Proceedings of the IEEE 2022; 110(5):675-87. https://doi.org/10.1109/Jproc.2021.3129527
WOS:000733514100001.

7. Araujo RP, Liotta LA. Universal structures for adaptation in biochemical reaction networks. Nat Com-
mun. 2023; 14(1):2251. Epub 20230420. https://doi.org/10.1038/s41467-023-38011-9 PMID:
37081018; PubMed Central PMCID: PMC10119132.

8. Bhattacharya P, Raman K, Tangirala AK. Discovering adaptation-capable biological network structures
using control-theoretic approaches. PLoS Comput Biol. 2022; 18(1):e1009769. Epub 20220121.
https://doi.org/10.1371/journal.pcbi.1009769 PMID: 35061660; PubMed Central PMCID:
PMC8809615.

9. Khammash MH. Perfect adaptation in biology. Cell Syst. 2021; 12(6):509-21. https://doi.org/10.1016/].
cels.2021.05.020 PMID: 34139163.

10. Aoki SK, Lillacci G, Gupta A, Baumschlager A, Schweingruber D, Khammash M. A universal biomolecu-
lar integral feedback controller for robust perfect adaptation. Nature. 2019; 570(7762):533—7. Epub
20190619. https://doi.org/10.1038/s41586-019-1321-1 PMID: 31217585.

11. Gupta A, Khammash M. Universal structural requirements for maximal robust perfect adaptation in bio-
molecular networks. Proc Natl Acad Sci U S A. 2022; 119(43):2207802119. Epub 20221018. https://
doi.org/10.1073/pnas.2207802119 PMID: 36256812; PubMed Central PMCID: PMC9618122.

12. Jeynes-Smith C, Araujo RP. Ultrasensitivity and bistability in covalent-modification cycles with positive
autoregulation. Proc R Soc A. 2021; 477(2252):20210069. Epub 20210804. https://doi.org/10.1098/
rspa.2021.0069 PMID: 35153570; PubMed Central PMCID: PMC8331239.

13. Jeynes-Smith C, Araujo RP. Protein-protein complexes can undermine ultrasensitivity-dependent bio-
logical adaptation. J R Soc Interface. 2023; 20(198):20220553. Epub 20230104. https://doi.org/10.
1098/rsif.2022.0553 PMID: 36596458; PubMed Central PMCID: PMC9810431.

14. Doyle JC. Even Noisy Responses Can Be Perfect If Integrated Properly. Cell Syst. 2016; 2(2):73-5.
Epub 20160224. https://doi.org/10.1016/j.cels.2016.02.012 PMID: 27135162.

15. Tyson JJ, Chen KC, Novak B. Sniffers, buzzers, toggles and blinkers: dynamics of regulatory and sig-
naling pathways in the cell. Curr Opin Cell Biol. 2003; 15(2):221-31. https://doi.org/10.1016/s0955-
0674(03)00017-6 PMID: 12648679.

16. Shinar G, Feinberg M. Structural Sources of Robustness in Biochemical Reaction Networks. Science.
2010; 327(5971):1389-91. https://doi.org/10.1126/science. 1183372 PMID: 20223989

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011638 November 22, 2023 6/7


https://doi.org/10.1038/43199
http://www.ncbi.nlm.nih.gov/pubmed/9202124
https://doi.org/10.1016/j.cels.2016.01.004
https://doi.org/10.1016/j.cels.2016.01.004
http://www.ncbi.nlm.nih.gov/pubmed/27136686
https://doi.org/10.1016/j.cell.2009.06.013
http://www.ncbi.nlm.nih.gov/pubmed/19703401
https://doi.org/10.1038/s41467-018-04151-6
http://www.ncbi.nlm.nih.gov/pubmed/29717141
https://doi.org/10.1007/978-1-0716-3008-2%5F1
http://www.ncbi.nlm.nih.gov/pubmed/37074572
https://doi.org/10.1109/Jproc.2021.3129527
https://doi.org/10.1038/s41467-023-38011-9
http://www.ncbi.nlm.nih.gov/pubmed/37081018
https://doi.org/10.1371/journal.pcbi.1009769
http://www.ncbi.nlm.nih.gov/pubmed/35061660
https://doi.org/10.1016/j.cels.2021.05.020
https://doi.org/10.1016/j.cels.2021.05.020
http://www.ncbi.nlm.nih.gov/pubmed/34139163
https://doi.org/10.1038/s41586-019-1321-1
http://www.ncbi.nlm.nih.gov/pubmed/31217585
https://doi.org/10.1073/pnas.2207802119
https://doi.org/10.1073/pnas.2207802119
http://www.ncbi.nlm.nih.gov/pubmed/36256812
https://doi.org/10.1098/rspa.2021.0069
https://doi.org/10.1098/rspa.2021.0069
http://www.ncbi.nlm.nih.gov/pubmed/35153570
https://doi.org/10.1098/rsif.2022.0553
https://doi.org/10.1098/rsif.2022.0553
http://www.ncbi.nlm.nih.gov/pubmed/36596458
https://doi.org/10.1016/j.cels.2016.02.012
http://www.ncbi.nlm.nih.gov/pubmed/27135162
https://doi.org/10.1016/s0955-0674%2803%2900017-6
https://doi.org/10.1016/s0955-0674%2803%2900017-6
http://www.ncbi.nlm.nih.gov/pubmed/12648679
https://doi.org/10.1126/science.1183372
http://www.ncbi.nlm.nih.gov/pubmed/20223989
https://doi.org/10.1371/journal.pcbi.1011638

PLOS COMPUTATIONAL BIOLOGY

Only a topological method can identify the full RPA solution space

17.

18.

19.

20.

21.

22,

Filo M, Kumar S, Khammash M. A hierarchy of biomolecular proportional-integral-derivative feedback
controllers for robust perfect adaptation and dynamic performance. Nat Commun. 2022; 13(1):2119.
Epub 20220419. https://doi.org/10.1038/s41467-022-29640-7 PMID: 35440114; PubMed Central
PMCID: PMC9018779.

Frei T, Chang CH, Filo M, Arampatzis A, Khammash M. A genetic mammalian proportional-integral
feedback control circuit for robust and precise gene regulation. Proc Natl Acad Sci U S A. 2022; 119
(24):€2122132119. Epub 20220610. https://doi.org/10.1073/pnas.2122132119 PMID: 35687671;
PubMed Central PMCID: PMC9214505.

Anastassov S, Filo M, Chang CH, Khammash M. A cybergenetic framework for engineering intein-
mediated integral feedback control systems. Nat Commun. 2023; 14(1):1337. Epub 20230311. hitps://
doi.org/10.1038/s41467-023-36863-9 PMID: 36906662; PubMed Central PMCID: PMC10008564.

Filo M, Chang CH, Khammash M. Biomolecular feedback controllers: from theory to applications. Curr
Opin Biotechnol. 2023; 79:102882. Epub 20230111. https://doi.org/10.1016/j.copbio.2022.102882
PMID: 36638743.

Filo M, Kumar S, Anastassov S, Khammash M. Exploiting the Nonlinear Structure of the Antithetic Inte-
gral Controller to Enhance Dynamic Performance. IEEE 61st Conference on Decision and Control
(CDC). 2022:1294-9. https://doi.org/10.1109/Cdc51059.2022.9993268 WOS:000948128101019.

Gutierrez Mena J, Kumar S, Khammash M. Dynamic cybergenetic control of bacterial co-culture com-
position via optogenetic feedback. Nat Commun. 2022; 13(1):4808. Epub 20220816. https://doi.org/10.
1038/s41467-022-32392-z PMID: 35973993; PubMed Central PMCID: PMC9381578.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011638 November 22, 2023 7/7


https://doi.org/10.1038/s41467-022-29640-7
http://www.ncbi.nlm.nih.gov/pubmed/35440114
https://doi.org/10.1073/pnas.2122132119
http://www.ncbi.nlm.nih.gov/pubmed/35687671
https://doi.org/10.1038/s41467-023-36863-9
https://doi.org/10.1038/s41467-023-36863-9
http://www.ncbi.nlm.nih.gov/pubmed/36906662
https://doi.org/10.1016/j.copbio.2022.102882
http://www.ncbi.nlm.nih.gov/pubmed/36638743
https://doi.org/10.1109/Cdc51059.2022.9993268
https://doi.org/10.1038/s41467-022-32392-z
https://doi.org/10.1038/s41467-022-32392-z
http://www.ncbi.nlm.nih.gov/pubmed/35973993
https://doi.org/10.1371/journal.pcbi.1011638

