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ABSTRACT: The desire to harness nature’s capability of precise gene expression regulation has motivated the pursuit of synthetic 
gene circuits. However, designing and building novel synthetic gene circuits with predictable dynamics is nontrivial. To facilitate 
the design, cell-free systems have emerged as an effective alternative testbed to living biological systems in characterizing and 
prototyping synthetic gene regulatory networks, given its relative simplicity and designability in terms of cellular contents. 
Meanwhile, as parameterizing and analyzing first principle-based models can shed light on the required kinetic parameter values, 
thus the specific regulatory components, for the desired dynamics, coupling mathematical modeling with cell-free experiments has 
become an effective approach in exploring novel synthetic gene circuits. In this mini-review, we provide an overview of current 
progress on using deterministic first principle-based mathematical modeling in conjunction with cell-free systems, in designing and 
characterizing novel gene circuits, as well as the standing challenges and issues with this approach. 
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1. Introduction 

A gene regulatory network is composed of DNAs, RNAs, and proteins, and governs the expression of the target gene 
involved in the network. Living cells leverage gene regulatory networks, or collectively known as networks, to process 
information about the environment and to adapt to the surroundings by expressing genes accordingly. In synthetic biology, 
the main goal is to manipulate the inner networks of cells to achieve desired dynamics, thus enabling applications in 
diagnostics [1–3] biofuels [4,5], and large-scale protein synthesis [6,7]. Therefore, understanding the characteristics of 
these networks and being able to build networks that replicate the functionality of innate gene regulatory networks can 
empower us to manipulate native cell behavior and even manufacture synthetic cells with optimal performance for targeted 
applications. To achieve these objectives, it is necessary to first discover, create, characterize, and prototype the gene 
regulatory networks. Towards this end, synthetic biologists have excelled in designing and analyzing gene circuits, the 
synthetic counterparts of the native gene regulatory networks. Figure 1 gives an example of the widely used RNA-based 
gene regulation tools and some of the well-known natural and synthetic gene circuits. 
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Figure 1. Popular RNA-based gene expression regulatory tools include the CRIPSR system [8], the small transcription activating 
RNAs (STAR) [9], and the toehold switches [10] are leveraged to realize the transcriptional and translational regulation in a gene 
circuit. These tools can enable the design and construction of a wide range of natural and synthetic regulatory circuits, spanning 
from feedforward loops [11], logic gates [12], and toggle switch [13] to advanced biomolecular perceptron networks [14], oscillator 
[15] and biomolecular integral feedback controller [16]. Note, all drawings are reconstructed based on the corresponding references. 

The dynamic and complex cellular environment hampers studying gene circuits inside living cells. Beyond the 
primary task of protein synthesis, cells engage in several activities, such as metabolic processes and reproduction, 
necessitating considerable energy expenditure [17,18]. To overcome these obstacles and study gene regulatory networks 
independently, researchers have introduced cell-free systems. These systems mimic the complex cellular gene 
regulatory network outside living cells by segregating cellular growth and reproduction through the utilization of 
cellular extracts. Hence, the cell-free system has emerged as a promising alternative to in vivo gene expression 
techniques, affording precise control over cellular transcription and translation machinery [19–21]. The inherent 
characteristics of the cell-free system, such as fast performance, decoupled from cell growth, unbiased nature towards 
DNA templates, and easy tunability, make it an ideal system for understanding complex genetic networks [22]. 

While the advent of cell-free systems has significantly mitigated the challenges of performing in vivo experiments, 
conducting experiments can still be laborious, especially when exploring new designs, and this can be alleviated with 
mathematical modeling. In general, mathematical models can be developed with different approaches, such as first 
principle-based and data-based models. Data-based models learn the underlying dynamics of the system based on 
experimental observations and are particularly appealing when a theoretical understanding of the system dynamics is 
missing but massive experimental data is available. On the other hand, with the current understanding of fundamental 
principles, researchers can construct first principle-based models to predict the behavior of a given system, avoiding the 
requirement of extensive data collection. Furthermore, when coupled with experimental measurements, such first 
principle-based models can, in turn, help refine our understanding of the fundamental principles. Popular model types 
for gene circuits design normally take the form as ordinary differential equations (ODEs) [23–26], partial differential 
equations when considering the heterogeneity of cellular resource distribution (deterministic or stochastic) [27,28], or 
probabilistic models such as Markov state models [29,30]. Over the past decades, mathematical models have gained 
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increasing interest in the study of gene circuits. Table 1 summarizes the main model types for gene circuits as well as 
some of the corresponding works over the recent years.  

Table 1. Summary of popular modeling types and corresponding noticeable works. 

Model Application Mathematical Description Work 

Ordinary 
Differential 
Equations 

Parameter estimation and 
optimization, RNA regulators, 
logic circuits, feed-forward 
loops, antithetic integral 
controller, gene networks 
dynamics 

𝑑𝐺஺
𝑑𝑡

ൌ  𝛼 ൉ ቈ
𝐺஻
௡

𝑘௣  ൅  𝐺஻
௡቉  െ  𝛿 ൉ ሾ𝐺஺ሿ 

where 𝛼, 𝛿 and 𝑘௣  are transcription rate, 
degradation rate and Hill-function dissociation 
constant, respectivetely.  

[11,23–25,31] 

Partial 
Differential 
Equations 

Diffusion of cellular resources 
to account for spatial 
heterogeneity in cells. 

𝐽ሺ𝑥, 𝑦ሻ ൌ 𝐷ሺെ
𝜕𝑦ሺ𝑡, 𝑥ሻ

𝜕𝑥
𝑣ሺ𝑥ሻ ൅ 𝑦ሺ𝑡, 𝑥ሻ

𝜕𝑣ሺ𝑥ሻ

𝜕𝑥
ሻ 

where J is the flux of the cellular species, D is the 
diffusion coefficient, v is volume, y is concentration 
per unit length, x is distance.  

[27,28] 

Markov State 
Models 

Stochastic multistability and 
state-transitions in gene 
networks, parameter estimation. 

𝑃ሺ𝑋ଵ, … ,𝑋௉ሻ  ൌ  ෑ 𝑃ሺ𝑋௜|𝑃ఈሺ𝑋௜ሻ
௉

௜ୀଵ
 

where gene 𝑖 is represented as 𝑋௜  ሺ𝑖 ൌ 1, 2, … , 𝑝ሻ 
[29,30] 

Artificial Neural 
Networks 

Prediction of states and phase 
space of genetic circuits 

𝑑𝑥௜
𝑑𝑡

 ൌ  𝑓௜ሺ෍ሺ𝑎௜௝𝑥௝  െ  𝜃௜ሻሻ  െ  𝑏௜𝑥௜ 

where 𝑥 represents internal states, 𝑏௜ and 𝑎௜௝ 
represent time constant and connection weights, 
respectivetelly. 

[32] 

In this review, we provide an overview of recent advances in using deterministic ODEs-based mathematical 
modeling in conjunction with cell-free systems in designing and characterizing novel gene circuits. Specifically, we 
focus on recent developments in how mathematical models and cell-free systems cooperatively facilitate the exploration 
of novel gene circuit designs for specific regulatory parts and desired output dynamics, as outlined in Figure 2. 

 

Figure 2. Cell-free systems and mechanistic mathematical modeling can cooperatively contribute to the efficient design and 
prototyping of novel synthetic gene circuits, with predictable dynamics. 

2. Cell-Free and Whole Cell Experiments for Model Analysis 

The cell-free system is an ideal system for genetic parts and circuits characterization due to its fast performance, 
focused analysis on the task at hand, and easy tunability. However, to fully unleash the potential of cell-free systems for 
rapid circuit characterization and construction, it is essential to understand the property of the system itself. To achieve 
this, besides direct experimental comparison with the systems, mathematical models offer a more economical alternative. 
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Marshall and Noireaux developed a useful, simple ODE model to describe an all-E. coli TX-TL (transcription-
translation) system, controlled by different sets of promoters and DNA elements commonly used in gene circuits [33]. 
The model was able to capture the TX-TL regimes and saturations due to transcription and/or translational machinery 
depletion. They chose three sigma factor 70 promoters and UTRs (untranslated regions) of different strengths and 
combined them in nine combinations to predict protein synthesis rates. The model was sensitive to varying ribosome 
concentrations and mRNA degradation kinetics, less sensitive to total core RNA polymerase and deGFP maturation, 
but not sensitive to the Michaelis-Menten constant for transcription and translation and to the concentrations of sigma 
factor 70. Finally, they integrated these parameters to create a load calculator that calculates the burden on the TX-TL 
components, factoring in promoter and UTR strength and gene length. These findings reveal the relationship between 
the cell-free system environment and the kinetic parameters in the model, thus providing guidelines for future 
researchers in designing the cell-free system environment as well as the appropriate design of the gene circuit parts, 
such as promoters and UTRs [34,35], for predictable dynamics or to optimize the output dynamics given a specific gene 
circuit design [36]. 

Another type of modeling is known as constraint-based modeling, which estimates the performance of metabolic 
networks. The Palsson group initially designed the metabolic model for E. coli [37] and incorporated transcription and 
translation template reactions [38] before 2010. In 2012, the Voight group added other models to improve the accuracy 
at the DNA and protein sequence level, including promoter initiation [39]. Most recently, the Varner group tailored the 
model for the cell-free system by deleting growth-associated reactions and other modifications and named it sequence-
specific constraint-based modeling [40]. For simulation, they chose to express the proteins chloramphenicol 
acetyltransferase (CAT) and dual emission green fluorescent protein (deGFP), calculating transcription rates and 
maximizing translation rates. The constraints applied depended on previously reported literature. For example, 
metabolic constraints could be applied for CAT production under a T7 RNA polymerase promoter, but not for deGFP 
under a P70a endogenous RNA polymerase promoter, because the metabolic reactions had not been recorded for the 
latter. However, the endpoint and dynamic measurements of the protein produced showed good agreement with the 
models for both CAT and deGFP. In this paper, they also tested how these models could provide deeper insights into 
metabolic processes by simulating reactions and obtaining all details, then experimentally testing the reactions to see if 
the protein output matched what was observed when the metabolic reaction was allowed to run as simulated, or when 
the part studied was inhibited or taken out completely. They found that some simulated metabolic reactions and 
component concentrations correlated better with experimental results than others. Identifying these discrepancies is 
crucial for refining models. They were able to design a model to predict system productivity and energy efficiency 
based on the carbon number of the protein, with and without amino acid supplementation in a glucose-supplied cell-
free protein synthesis system, even for proteins not used in the original dataset of the simulations [40]. 

3. Cell-Free Experiments and Modeling for Gene Circuit Design 

The performance of a novel gene circuit relies on the design of the interactions between constituent components 
(i.e., circuit topology), the specific realization of the design (i.e., parts selection), and the interactions between the circuit 
and the host system (e.g., resource competition) [41,42]. Based on understanding of the underlying mechanism, the 
dynamics of a given gene circuit can be simulated with mass action equations, which typically take the form of ordinary 
differential equation, using species concentration and reaction rate constants. Such a formation permits the additions of 
new parts and interactions upon existing designs, with complexity depending on the availability of experimental data. 
Examples of circuitry that can be mapped by an ODE, so far, include the response time of an RNA circuit and the 
concentration of components in the system at a given time [22]. Other important models include rate constants and 
steady-state kinetic parameters of certain activities in the systems. These have also been found for ClpXP protease 
[43,44], protein synthesis rate [43], mRNA concentration at a given time [43], transcription factor-based biosensor and 
its genetic circuit cascade [45]. 

Based on preliminary experimental data, researchers have also developed holistic mathematical models to further 
guide the design of new gene circuits. Examples include the construction of a pulse generator using the timescale 
difference between STARs and CRISPRi regulation in [46]; the characterization of a coherent feedforward loop as a 
noise filter in [47]; the quantification of an integral feedback controller in [48]; the parameterization of RNA genetic 
circuits in [24]; and the modeling and parameterization of transcription and translation processes in [47,49]. These 
works demonstrate the potential of combining modeling and cell-free systems to improve the efficiency of 
characterizing and designing gene circuits, thereby minimizing experimental efforts [47]. 
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To further facilitate the experimental construction of circuits, automation of circuit design via software tools has 
thrived over the past decades. Examples include Cello, a Java-based software to design ordered and tagged DNA 
sequences for gene networks beyond E. Coli cells [50]; COPASI, a biochemical simulator based on numerical methods 
that facilitates the user to solve biological systems problems through different mathematical approaches [51]; iBioSim, 
a computational tool to design and simulate synthetic genetic circuits based on experimental data and biological 
knowledge from other genetic circuits [52]; Tellurium, a python-based software developed for biological systems 
examination including mathematical modeling, simulation and analysis tools [53]; promoter/RBS calculator, a multi-
parameter model to predict transcriptional components such as sigma factors promoters with desired transcription rates 
[54]; and Galaxy SynbioCAD, a portal that integrates different computational tools to design and engineer metabolic 
pathways for specific desired chemical targets [55]. Efforts for cell-free systems have also started to attract attention. 
In 2021, the Murray group described a toolbox called txtlsim created to assist genetic circuit modeling developers [56]. 
The toolbox considers cell-free systems conditions, such as resource loading, consumption, and degradation, making it 
useful for modeling the dynamics of transcription-translation reactions. Additionally, to predict the in vitro behavior of 
several genetic circuits, the toolbox provides a library of parts that can be combined in different patterns. With a simple 
interface and straightforward commands, this tool allows the description of complex biological interactions and, hence, 
the dynamics of the system. Furthermore, the paper presents a multi-stage Bayesian inference procedure for 
characterizing its parameters, which were used to predict and experimentally validate the behavior of an incoherent 
feed-forward loop. Another example includes that the Murray group presented a full-stack modeling, analysis, and 
parameter identification pipeline to guide the modeling and design of gene circuits with specific functions. The authors 
integrated cell-free systems with mechanistic modeling and model reduction to characterize integrase and excisionase 
activity for the modeling and construction of gene circuits [57]. These tools further facilitate the rapid design and 
construction of novel gene circuits with predictable dynamics. 

4. Discussion 

The success of cell-free systems arises from its decreased complexity and constraints associated with in vivo gene 
expression, such as genetic variability, membrane barriers, cell viability, manipulation of living organisms, and cellular 
growth [21,58,59]. The power of this emerging tool has been explored for pollutants identification, RNA genetic circuits 
dynamics, enzyme expression, rapid field-portable diagnosis, and industrial applications [60–63]. An important feature 
of cell-free reactions is their ability to be lyophilized or dried and subsequently reactivated through controlled 
temperature adjustments and rehydration. This property enhances the temporal flexibility of experimental protocols and 
facilitates their application in non-laboratory settings [2]. Additionally, computational and mathematical tools have 
been utilized to improve the predictability of cell-free reaction behaviors. However, these tools have encountered 
challenges in accurately modeling the stochastic nature of genetic circuits [24,25,64]. 

While models characterized by kinetic parameters defined according to understanding of the biological systems, 
such as the ODE models, are useful for simulating circuit dynamics, these models are often overfitted and suffer from 
poor transferability, i.e., one set of fitted parameters can hardly be used to predict a new design or in new systems, 
despite the similarity in the components used. Several reasons could attribute to this phenomenon, such as model 
structural and parameter identifiability, optimization for parameterization, as well as resource competition or changes 
in cellular context. 

Structural and parameter identifiability problem has been a long-standing topic in modeling, where structure 
identifiability refers to model structure issues that lead to indeterminable parameters, and practical identifiability refers 
to the lack of measurements to obtain precise parameters [65]. Notable works include the following, as examples. In 
[66], the authors presented a comparison of methods often used to describe non-linear dynamic models in systems 
biology, such as Taylor series, generating series method, similarity transformation, differential equations, test for 
reaction networks, among others. A MATLAB toolbox called STRIKE-GOLDD offers an efficient structural 
identifiability analysis by considering parameters as state variables and decomposing the model into sub models, this 
tool eliminates parameters already classified as identifiable to reduce the problem size [67]. A combination of sensitivity 
analysis and identifiability tests was proposed by [68], where linear correlations between parameters are obtained 
through a logical numerical approach. One future direction can be the investigation of probabilistic model fitting for a 
distribution of parameter values to increase the possibility of applying to new systems. However, such an approach 
might only provide a qualitative estimation rather than an accurate quantitative simulation. Alternatively, a physics-
informed machine learning-based model, combined with transfer learning could be a potential solution [69]. In this 
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approach, a machine learning-first principal hybrid model would be developed and parameterized with experimental 
measurement. When applying this to a new system, additional yet small amount of experiments would be performed 
for model refitting using the previously fitted parameters, thereby reducing the cost of materials and computation. 
Transfer learning has shown great promise in many fields, with reduced amount of data for new systems. We expect its 
application to gene circuit modeling to facilitate future model development and circuit design [70–72]. 

Parameterization is another potential obstacle in developing ODE-based models for circuit simulation. Depending 
on the complexity as well as the topology of the model, the ODEs could have singular points, which could result in 
failure with current widely used integration solvers, that no accurate solutions are to be obtained. Furthermore, increased 
model complexity with an increased number of parameters generally requires more experimental measurements 
compared to a simpler model for accurate parameterization, but this comes with the risk of overfitting. The relationship 
between sample size, model complexity and parameterization accuracy has been constantly explored in the field of 
system identification, where researchers investigate the challenges of model estimation for dynamic systems [73]. This 
issue is frequently addressed using classical approaches, including the realization of linear state-space models and 
prediction-error method, as well as integrated methodologies that combine control and identification, such as adaptive 
control [74]. The applications of system identification extend well beyond control theory, and its application to other 
system could significantly enhance the development of models for gene circuits simulation [75]. In [76], the authors 
highlighted the challenge of applying system identification methods to biological systems given time scale 
measurements issues, where they presented a new identification method that uses unequally spaced sparse time series 
data with different time scales to describe PC12 cells growth in vivo system. Built upon these existing efforts, we 
anticipate future work with extensive experimental validations to further benefit the modeling of gene circuits for wide-
range applicability. Given the fast-prototyping advantages of cell-free systems, and its flexibility in designing 
experimental conditions compared to in vivo experiments, we anticipate cell-free experiments will serve as an ideal 
system for such investigations. 

Resource competition is a long-known culprit for the failure of newly designed circuits when implemented in host 
systems [77–81]. Therefore, understanding the robustness of the designed circuit to resource competition is critical to 
delivering predictable functions. The advantages of manipulating the resource condition in cell-free systems present an 
ideal testbed for quantifying the effect of resource competition to circuit dynamics. Despite existing work on 
characterizing and leveraging the negative impact of resource competition to circuit design and implementation [82–
84], further efforts on this topic would still benefit the development of gene circuit design, and we expect cell-free 
systems and modeling to contribute significantly to this effort. 

The success of machine learning in biology has also promoted its application in the design of gene circuits. In 2020, 
Church and Collins showed how decision trees and other machine learning algorithms could provide a better 
understanding of which attributes are the most influential on the design of cell-free systems [85,86]. This mathematical 
artifact allows for the behavior of the system to be characterized by the neural network without the need for a priori 
physical knowledge of the system. Angenent-Mari et al. demonstrated that Deep Neural networks (DNN’s) are not only 
capable of predicting the functionality of components of the circuitry but also useful in providing a more “human 
understandable” behavior of their components [86]. However, training the model generally requires a considerable amount 
of data, which can be a barrier with in vivo experiments, but could potentially be addressed with cell-free systems. 

Author Contributions 

Y.-C.K. and X.T. conceived and supervised the project. T.R.S., A.L. and C.E.C. wrote the original manuscript. 
T.R.S., Y.-C.K. and X.T. revised and edited the manuscript. All authors contributed to the article and approved the 
submitted manuscript. 

Ethics Statement 

Not applicable. 

Informed Consent Statement 

Not applicable. 
  



Synthetic Biology and Engineering 2024, 2(3), 10013 7 of 10 

 

Funding 

This work was supported by the National Science Foundation (Award No. 2223720), Louisiana Board of Regent 
(RCS, Grant No. LEQSF (2020-23) RD-A-01), and USDA National Institute of Food and Agriculture (HATCH, 
Accession No. 1021535, Project No. LAB94414). 

Declaration of Competing Interest 

The authors declare that the research was conducted in the absence of any commercial or financial relationships 
that could be construed as a potential conflict of interest. 

References 

1.  Pardee K, Green AA, Takahashi MK, Braff D, Lambert G, Lee JW, et al. Rapid, Low-Cost Detection of Zika Virus Using 
Programmable Biomolecular Components. Cell 2016, 165, 1255–1266. doi:10.1016/j.cell.2016.04.059. 

2. Pardee K, Green AA, Ferrante T, Cameron DE, Daleykeyser A, Yin P, et al. Paper-based synthetic gene networks. Cell 2014, 
159, 940–954. doi:10.1016/j.cell.2014.10.004. 

3. Murphy TW, Sheng J, Naler LB, Feng X, Lu C. On-chip manufacturing of synthetic proteins for point-of-care therapeutics. 
Microsyst. Nanoeng. 2019, 5, 13. doi:10.1038/s41378-019-0051-8.  

4. Zhang F, Carothers JM, Keasling JD. Design of a dynamic sensor-regulator system for production of chemicals and fuels 
derived from fatty acids. Nat. Biotechnol. 2012, 4, 354–359. doi:10.1038/nbt.2149. 

5. Torella JP, Ford TJ, Kim SN, Chen AM, Way JC, Silver PA. Tailored fatty acid synthesis via dynamic control of fatty acid 
elongation. Proc. Natl. Acad. Sci. USA 2013, 110, 11290–11295. doi:10.1073/pnas.1307129110. 

6. Zawada JF, Yin G, Steiner AR, Yang J, Naresh A, Roy SM, et al. Microscale to manufacturing scale-up of cell-free cytokine 
production-a new approach for shortening protein production development timelines. Biotechnol. Bioeng. 2011, 108, 1570–
1578. doi:10.1002/bit.23103. 

7. Liu DV, Zawada JF, Swartz JR. Streamlining Escherichia Coli S30 extract preparation for economical cell-free protein 
synthesis. Biotechnol. Prog. 2005, 21, 460–465. doi:10.1021/bp049789y. 

8. Fontana J, Dong C, Kiattisewee C, Chavali VP, Tickman BI, Carothers JM, et al. Effective CRISPRa-mediated control of 
gene expression in bacteria must overcome strict target site requirements. Nat. Commun. 2020, 11, 1618. doi:10.1038/s41467-
020-15454-y. 

9. Chappell J, Takahashi MK, Lucks JB. Creating small transcription activating RNAs. Nat. Chem. Biol. 2015, 11, 214–220. 
doi:10.1038/nchembio.1737. 

10. Green AA, Silver PA, Collins JJ, Yin P. Toehold switches: De-novo-designed regulators of gene expression. Cell 2014, 159, 
925–939. doi:10.1016/j.cell.2014.10.002. 

11. Ryan J, Hong S, Foo M, Kim J, Tang X. Model-Based Investigation of the Relationship between Regulation Level and Pulse 
Property of I1-FFL Gene Circuits. ACS Synth. Biol. 2022, 11, 2417–2428. doi:10.1021/acssynbio.2c00109. 

12. Green AA, Kim J, Ma D, Silver PA, Collins JJ, Yin P. Complex cellular logic computation using ribocomputing devices. 
Nature 2017, 548, 117–121. doi:10.1038/nature23271. 

13. Gardner TS, Cantor CR, Collins JJ. Construction of a genetic toggle switch in Escherichia coli. Nature 2000, 403, 339–342. 
doi:10.1038/35002131. 

14. Li X, Rizik L, Kravchik V, Khoury M, Korin N, Daniel R. Synthetic neural-like computing in microbial consortia for pattern 
recognition. Nat. Commun. 2021, 12, 3139. doi:10.1038/s41467-021-23336-0. 

15. Stricker J, Cookson S, Bennett MR, Mather WH, Tsimring LS, Hasty J. A fast, robust and tunable synthetic gene oscillator. 
Nature 2008, 456, 516–519. doi:10.1038/nature07389. 

16. Aoki SK, Lillacci G, Gupta A, Baumschlager A, Schweingruber D, Khammash M. A universal biomolecular integral feedback 
controller for robust perfect adaptation. Nature 2019, 570, 533–537. doi:10.1038/s41586-019-1321-1. 

17. Jeknić S, Kudo T, Covert MW. Techniques for studying decoding of single cell dynamics. Front. Immunol. 2019, 10, 755. 
doi:10.3389/fimmu.2019.00755.  

18. Noireaux V, Liu AP. The New Age of Cell-Free Biology. Annu. Rev. Biomed. Eng. 2020, 22, 51–77. doi:10.1146/annurev-
bioeng-092019. 

19. Noireaux V, Bar-Ziv R, Libchaber A. Principles of cell-free genetic circuit assembly. Proc. Natl. Acad. Sci. USA 2003, 100, 
12672–12677. 

20. Perez JG, Stark JC, Jewett MC. Cell-free synthetic biology: Engineering beyond the cell. Cold Spring Harb Perspect Biol. 
2016, 8, a023853. doi:10.1101/cshperspect.a023853. 

21. Silverman AD, Karim AS, Jewett MC. Cell-free gene expression: An expanded repertoire of applications. Nat. Rev. Genet. 
2020, 21, 151–170. doi:10.1038/s41576-019-0186-3. 



Synthetic Biology and Engineering 2024, 2(3), 10013 8 of 10 

 

22. Takahashi MK, Hayes CA, Chappell J, Sun ZZ, Murray RM, Noireaux V, et al. Characterizing and prototyping genetic 
networks with cell-free transcription-translation reactions. Methods 2015, 86, 60–72. doi:10.1016/j.ymeth.2015.05.020. 

23. Endler L, Rodriguez N, Juty N, Chelliah V, Laibe C, Li C, et al. Designing and encoding models for synthetic biology. J. R. 
Soc. Interface. 2009, 6, S405–S417. doi:10.1098/rsif.2009.0035.focus. 

24. Hu CY, Varner JD, Lucks JB. Generating Effective Models and Parameters for RNA Genetic Circuits. ACS Synth. Biol. 2015, 
4, 914–926. doi:10.1021/acssynbio.5b00077.  

25. Mcadams HH, Shapiro L. Circuit Simulation of Genetic Networks. Science 1995, 269, 650–656.  
26. Alon U. An Introduction to Systems Biology: Design Principles of Biological Circuits, 2nd ed.; CRC Press: Boca Raton, FL, 

USA, 2020.  
27. Barajas C, Del Vecchio D. Genetic Circuit-Host Ribosome Transactions: Diffusion-Reaction Model. In Proceedings of the 

American Control Conference (ACC), Philadelphia, PA, USA, 10–12 July 2019.  

28. Barajas C, Del Vecchio D. Effects of spatial heterogeneity on bacterial genetic circuits. PLoS Comput. Biol. 2020, 16, 
e1008159. doi:10.1371/journal.pcbi.1008159. 

29. Chu BK, Tse MJ, Sato RR, Read EL. Markov State Models of gene regulatory networks. BMC Syst Biol. 2017, 11, 14. 
doi:10.1186/s12918-017-0394-4.  

30. Lü J, Wang P. Modeling and Analysis of Bio-molecular Networks; Springer: Singapore, 2020. doi:10.1007/978-981-15-9144-0.  
31. Briat C, Gupta A, Khammash M. Antithetic Integral Feedback Ensures Robust Perfect Adaptation in Noisy Bimolecular 

Networks. Cell Syst. 2016, 2, 15–26. doi:10.1016/j.cels.2016.01.004. 
32. Ogorelova D, Sadyrbaev F. Remarks on the Mathematical Modeling of Gene and Neuronal Networks by Ordinary Differential 

Equations. Axioms 2024, 13, 61. doi:10.3390/axioms13010061. 
33. Garamella J, Marshall R, Rustad M, Noireaux V. The All E. coli TX-TL Toolbox 2.0: A Platform for Cell-Free Synthetic 

Biology. ACS Synth. Biol. 2016, 5, 344–355. doi:10.1021/acssynbio.5b00296. 
34. McManus JB, Emanuel PA, Murray RM, Lux MW. A method for cost-effective and rapid characterization of engineered T7-

based transcription factors by cell-free protein synthesis reveals insights into the regulation of T7 RNA polymerase-driven 
expression. Arch. Biochem. Biophys. 2019, 15, 674. doi:10.1016/j.abb.2019.07.010. 

35. Siegal-Gaskins D, Tuza ZA, Kim J, Noireaux V, Murray RM. Gene circuit performance characterization and resource usage 
in a cell-free “breadboard”. ACS Synth. Biol. 2014, 3, 416–425. doi:10.1021/sb400203p. 

36. van Sluijs B, Maas RJM, van der Linden AJ, de Greef TFA, Huck WTS. A microfluidic optimal experimental design platform 
for forward design of cell-free genetic networks. Nat. Commun. 2022, 13, 3626. doi:10.1038/s41467-022-31306-3.  

37. Feist AM, Henry CS, Reed JL, Krummenacker M, Joyce AR, Karp PD, et al. A genome-scale metabolic reconstruction for 
Escherichia coli K-12 MG1655 that accounts for 1260 ORFs and thermodynamic information. Mol. Syst. Biol. 2007, 3, 121. 
doi:10.1038/msb4100155.  

38. Allen TE, Herrgård MJ, Liu M, Qiu Y, Glasner JD, Blattner FR, et al. Genome-Scale Analysis of the Uses of the Escherichia 
coli Genome: Model-Driven Analysis of Heterogeneous Data Sets. J. Bacteriol. 2003, 185, 6392–6399. 
doi:10.1128/JB.185.21.6392-6399.2003. 

39. Moon TS, Lou C, Tamsir A, Stanton BC, Voigt CA. Genetic programs constructed from layered logic gates in single cells. 
Nature 2012, 491, 249–253. doi:10.1038/nature11516. 

40. Vilkhovoy M, Horvath N, Shih CH, Wayman JA, Calhoun K, Swartz J, et al. Sequence Specific Modeling of E. Coli Cell-
Free Protein Synthesis. ACS Synth. Biol. 2018, 7, 1844–1857. doi:10.1021/acssynbio.7b00465. 

41. Stone A, Youssef A, Rijal S, Zhang R, Tian XJ. Context-dependent redesign of robust synthetic gene circuits. Trends 
Biotechnol. 2024, 42, 895–909. doi:10.1016/j.tibtech.2024.01.003. 

42. Borkowski O, Ceroni F, Stan GB, Ellis T. Overloaded and stressed: whole-cell considerations for bacterial synthetic biology. 
Curr. Opin. Microbiol. 2016, 33, 123–130. doi:10.1016/j.mib.2016.07.009. 

43. Karzbrun E, Shin J, Bar-Ziv RH, Noireaux V. Coarse-grained dynamics of protein synthesis in a cell-free system. Phys. Rev. 
Lett. 2011, 106, 048104. doi:10.1103/PhysRevLett.106.048104. 

44. Shi X, Wu T, Cole CM, Devaraj NK, Joseph S. Optimization of ClpXP activity and protein synthesis in an E. coli extract-
based cell-free expression system. Sci. Rep. 2018, 8, 3488. doi:10.1038/s41598-018-21739-6. 

45. Voyvodic PL, Pandi A, Koch M, Conejero I, Valjent E, Courtet P, et al. Plug-and-play metabolic transducers expand the 
chemical detection space of cell-free biosensors. Nat. Commun. 2019, 10, 1697. doi:10.1038/s41467-019-09722-9. 

46. Westbrook A, Tang X, Marshall R, Maxwell CS, Chappell J, Agrawal DK, et al. Distinct timescales of RNA regulators enable 
the construction of a genetic pulse generator. Biotechnol. Bioeng. 2019, 116, 1139–1151. doi:10.1002/bit.26918. 

47. Pieters PA, Nathalia BL, Van Der Linden AJ, Yin P, Kim J, Huck WTS, et al. Cell-Free Characterization of Coherent Feed-
Forward Loop-Based Synthetic Genetic Circuits. ACS Synth. Biol. 2021, 10, 1406–1416. doi:10.1021/acssynbio.1c00024. 

48. Agrawal DK, Marshall R, Noireaux V, Sontag ED. In vitro implementation of robust gene regulation in a synthetic 
biomolecular integral controller. Nat. Commun. 2019, 10, 5760. doi:10.1038/s41467-019-13626-z. 

49. Adhikari A, Vilkhovoy M, Vadhin S, Lim HE, Varner JD. Effective Biophysical Modeling of Cell Free Transcription and 
Translation Processes. Front. Bioeng. Biotechnol. 2020, 8, 539081. doi:10.3389/fbioe.2020.539081. 



Synthetic Biology and Engineering 2024, 2(3), 10013 9 of 10 

 

50. Jones TS, Oliveira SMD, Myers CJ, Voigt CA, Densmore D. Genetic circuit design automation with Cello 2.0. Nat. Protoc. 
2022, 17, 1097–1113. doi:10.1038/s41596-021-00675-2. 

51. Hoops S, Gauges R, Lee C, Pahle J, Simus N, Singhal M, et al. COPASI - A COmplex PAthway SImulator. Bioinformatics 
2006, 22, 3067–3074. doi:10.1093/bioinformatics/btl485. 

52. Myers CJ, Barker N, Jones K, Kuwahara H, Madsen C, Nguyen NPD. iBioSim: A tool for the analysis and design of genetic 
circuits. Bioinformatics 2009, 25, 2848–2849. doi:10.1093/bioinformatics/btp457. 

53. Choi K, Medley JK, König M, Stocking K, Smith L, Gu S, et al. Tellurium: An extensible python-based modeling environment 
for systems and synthetic biology. BioSystems 2018, 171, 74–79. doi:10.1016/j.biosystems.2018.07.006. 

54. LaFleur TL, Hossain A, Salis HM. Automated model-predictive design of synthetic promoters to control transcriptional 
profiles in bacteria. Nat. Commun. 2022, 13, 5159. doi:10.1038/s41467-022-32829-5. 

55. Hérisson J, Duigou T, du Lac M, Bazi-Kabbaj K, Sabeti Azad M, Buldum G, et al. The automated Galaxy-SynBioCAD 
pipeline for synthetic biology design and engineering. Nat. Commun. 2022, 13, 5082. doi:10.1038/s41467-022-32661-x. 

56. Singhal V, Tuza ZA, Sun ZZ, Murray RM. A MATLAB toolbox for modeling genetic circuits in cell-free systems. Synth. Biol. 
2021, 6, ysab007. doi:10.1093/synbio/ysab007. 

57. Pandey A, Rodriguez ML, Poole W, Murray RM. Characterization of Integrase and Excisionase Activity in a Cell-Free Protein 
Expression System Using a Modeling and Analysis Pipeline. ACS Synth. Biol. 2023, 12, 511–523. 
doi:10.1021/acssynbio.2c00534. 

58. Katzen F, Chang G, Kudlicki W. The past, present and future of cell-free protein synthesis. Trends Biotechnol. 2005, 23, 150–
156. doi:10.1016/j.tibtech.2005.01.003. 

59. Carlson ED, Gan R, Hodgman CE, Jewett MC. Cell-free protein synthesis: Applications come of age. Biotechnol. Adv. 2012, 
30, 1185–1194. doi:10.1016/j.biotechadv.2011.09.016. 

60. Swartz J. Developing cell-free biology for industrial applications. J. Ind. Microbiol. Biotechnol. 2006, 33, 476–485. 
doi:10.1007/s10295-006-0127-y. 

61. Catherine C, Lee KH, Oh SJ, Kim DM. Cell-free platforms for flexible expression and screening of enzymes. Biotechnol. Adv. 
2013, 31, 797–803. doi:10.1016/j.biotechadv.2013.04.009. 

62. Takahashi MK, Chappell J, Hayes CA, Sun ZZ, Kim J, Singhal V, et al. Rapidly Characterizing the Fast Dynamics of RNA 
Genetic Circuitry with Cell-Free Transcription-Translation (TX-TL) Systems. ACS Synth. Biol. 2015, 4, 503–515. 
doi:10.1021/sb400206c. 

63. Jäkel AC, Aufinger L, Simmel FC. Steady-State Operation of a Cell-Free Genetic Band-Detection Circuit. ACS Synth. Biol. 
2022, 11, 3273–3284. doi:10.1021/acssynbio.2c00195. 

64. Bottani S, Veitia RA. Hill function-based models of transcriptional switches: Impact of specific, nonspecific, functional and 
nonfunctional binding. Biol. Rev. 2017, 92, 953–963. doi:10.1111/brv.12262. 

65. Wieland FG, Hauber AL, Rosenblatt M, Tönsing C, Timmer J. On structural and practical identifiability. Curr. Opin. Syst. 
Biol. 2021, 25, 60–69. doi:10.1016/j.coisb.2021.03.005. 

66. Chis OT, Banga JR, Balsa-Canto E. Structural identifiability of systems biology models: A critical comparison of methods. 
PLoS ONE 2011, 6, e27755. doi:10.1371/journal.pone.0027755. 

67. Villaverde AF, Barreiro A, Papachristodoulou A. Structural Identifiability of Dynamic Systems Biology Models. PLoS 
Comput. Biol. 2016, 12, e1005153. doi:10.1371/journal.pcbi.1005153. 

68. Binns M, Usai A, Theodoropoulos C. Identifiability methods for biological systems: Determining subsets of parameters 
through sensitivity analysis, penalty-based optimisation, profile likelihood and LASSO model reduction. Comput. Chem. Eng. 
2024, 186, 108683. doi:10.1016/j.compchemeng.2024.108683. 

69. Daryakenari NA, De Florio M, Shukla K, Karniadakis GE. AI-Aristotle: A physics-informed framework for systems biology 
gray-box identification. PLoS Comput. Biol. 2024, 20, e1011916. doi:10.1371/journal.pcbi.1011916. 

70. New A, Eng B, Timm AC, Gearhart AS. Tunable complexity benchmarks for evaluating physics-informed neural networks 
on coupled ordinary differential equations. In Proceedings of the 2023 57th Annual Conference on Information Sciences and 
Systems, CISS 2023. Baltimore, MD, USA, 22–24 March 2023; Institute of Electrical and Electronics Engineers Inc.: 

Piscataway, NJ, USA, 2023. doi:10.1109/CISS56502.2023.10089728. 
71. Pateras J, Zhang C, Majumdar S, Pal A, Ghosh P. Physics-informed machine learning for automatic model reduction in 

chemical reaction networks. bioRxiv 2024. doi:10.1101/2024.03.20.585845. 
72. Mircea M, Garlaschelli D, Semrau S. Inference of dynamical gene regulatory networks from single-cell data with physics 

informed neural networks. arXiv 2024, arxiv:2401.07379. 
73. Garg A, Tai K, Panda BN. System identification: Survey on modeling methods and models. In Advances in Intelligent Systems 

and Computing; Springer: Singapore, 2017; Volume 517, pp. 607–615. doi:10.1007/978-981-10-3174-8_51. 
74. Ljung L. Perspectives on system identification. Annu. Rev. Control 2010, 34, 1–12. doi:10.1016/j.arcontrol.2009.12.001. 
75. Singhal B, Li S, Li JS. Identification of network interactions from time series data: An iterative approach. Chaos 2024, 34, 

053114. doi:10.1063/5.0210115. 



Synthetic Biology and Engineering 2024, 2(3), 10013 10 of 10 

 

76. Tsuchiya T, Fujii M, Matsuda N, Kunida K, Uda S, Kubota H, et al. System identification of signaling dependent gene 
expression with different time-scale data. PLoS Comput. Biol. 2017, 13, e1005913. doi:10.1371/journal.pcbi.1005913. 

77. de Vos D, Bruggeman FJ, Westerhoff HV, Bakker BM. How molecular competition influences fluxes in gene expression 
networks. PLoS ONE 2011, 6, e28494. doi:10.1371/journal.pone.0028494. 

78. Qian Y, Huang HH, Jiménez JI, Del Vecchio D. Resource Competition Shapes the Response of Genetic Circuits. ACS Synth 
Biol. 2017, 6, 1263–1272. doi:10.1021/acssynbio.6b00361. 

79. Cardinale S, Arkin AP. Contextualizing context for synthetic biology-identifying causes of failure of synthetic biological 
systems. Biotechnol J. 2012, 7, 856–866. doi:10.1002/biot.201200085. 

80. Stone A, Ryan J, Tang X, Tian XJ. Negatively Competitive Incoherent Feedforward Loops Mitigate Winner-Take-All 
Resource Competition. ACS Synth. Biol. 2022, 11, 3986–3995. doi:10.1021/acssynbio.2c00318. 

81. Zhang R, Goetz H, Melendez-Alvarez J, Li J, Ding T, Wang X, et al. Winner-takes-all resource competition redirects cascading 
cell fate transitions. Nat. Commun. 2021, 12, 853. doi:10.1038/s41467-021-21125-3. 

82. McBride CD, Grunberg TW, Del Vecchio D. Design of genetic circuits that are robust to resource competition. Curr. Opin. 
Syst. Biol. 2021, 28, 100357. doi:10.1016/j.coisb.2021.100357. 

83. Al-Radhawi MA, Vecchio D, Sontag ED. Identifying Competition Phenotypes in Synthetic Biochemical Circuits. IEEE 
Control Syst. Lett. 2023, 7, 211–216. doi:10.1109/LCSYS.2022.3186840. 

84. McBride CD, Del Vecchio D. Predicting Composition of Genetic Circuits with Resource Competition: Demand and Sensitivity. 
ACS Synth. Biol. 2021, 10, 3330–3342. doi:10.1021/acssynbio.1c00281. 

85. Zhu J, Zhang Q, Forouraghi B, Wang X. Applications of Machine Learning Techniques in Genetic Circuit Design. In ACM 
International Conference Proceeding Series; Association for Computing Machinery: New York, NY, USA, 2021; pp. 1–7. 
doi:10.1145/3457682.3457683.  

86. Angenent-Mari NM, Garruss AS, Soenksen LR, Church G, Collins JJ. A deep learning approach to programmable RNA 
switches. Nat. Commun. 2020, 11, 5057. doi:10.1038/s41467-020-18677-1.   
 
 


