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The chemical industry’s reliance on fossil fuels drives significant carbon 

emissions, emphasizing the urgent need for sustainable alternatives. Microbial 

bioproduction presents a promising solution by enabling the synthesis of valuable 

chemicals from renewable feedstocks, such as CO2 and biomass waste. However, the 

ability to address wide chemical markets with bioproduction is limited by insufficient 

tools for metabolic pathway engineering and precise gene regulation. This work 

describes several strategies to improve bioproduction by prototyping engineered 

metabolic pathways and complex gene regulatory programs. We utilize an E. coli-based 

cell-free gene expression system to engineer high-performing synthetic promoters and 

investigate pathways for carbon-conserving bioproduction of industrially relevant 

chemicals. We then discuss recent progress and opportunities at the intersection of 

CRISPR-based metabolic engineering and systems-level modeling approaches for 

improved bioproduction. Finally, we adapt the RNA-targeting CRISPR-dCas13 system 

as a next-generation CRISPR tool to improve metabolic regulation in bacteria. 

 



 

Collectively, these works describe the development of several tools that advance 

metabolic engineers’ ability to construct complex gene expression programs, prototype 

engineered carbon-conserving pathways, and precisely regulate metabolism across 

bacterial genomes. These tools offer new approaches to engineer microorganisms that 

can incorporate renewable carbon feedstocks and efficiently upcycle them into 

value-added chemicals, advancing the goals of sustainable bioproduction and a 

reduced global reliance on fossil fuels. 
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Chapter 1: Introduction  

The chemical industry relies on fossil fuels to produce nearly all manufactured 

goods, from medicines to materials and food products. This dependence on fossil fuels 

has led to considerable carbon emissions and environmental degradation in recent 

years 1. In 2021, the chemicals industry was responsible for emitting approximately 3 

billion metric tons of CO2, constituting 6% of total global emissions 2,3. This alarming 

contribution to greenhouse gas emissions drives the growing interest in decarbonization 

and the shift towards sustainable alternatives. Biology offers a solution to the chemical 

industry’s addiction to petroleum through microbial bioproduction of chemicals used 

across various sectors, such as fuels, food, and materials 4–7.  

Microbial bioproduction can produce valuable chemicals from renewable 

feedstocks through native and engineered metabolic pathways in microorganisms, 

offering a promising alternative to fossil fuel–dependent processes. Several products 

used in daily life are already produced via microbial fermentation, ranging from 

recombinant insulin, to ethanol, PLA plastics, and nylon 8–10. In recent years, massive 

progress in the fields of metabolic engineering and synthetic biology have greatly 

expanded the range of accessible biochemicals that can be produced via engineered 

microorganisms. However, there remain several outstanding challenges for 

bioproduction to disrupt traditional carbon-intensive and environmentally-harmful 

synthesis routes.  

Realizing the full potential of microbial bioproduction requires addressing several 

inherent challenges of rewiring cellular metabolism. Microbial bioproduction is limited by 

the high cost of traditional fermentation feedstocks (e.g., refined glucose) relative to the 
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cost of the product 11, which tends to restrict the space of compounds that can reach 

economic feasibility to higher-value products, such as protein biologics. To expand the 

potential chemical space addressable by bioproduction, strategies are urgently needed 

to incorporate lower cost feedstocks, such as CO2 and other waste products, and 

improve bioproduction efficiency in engineered strains. However, prototyping and 

optimizing engineered metabolic pathways is still challenging in industrially-relevant 

microorganisms due to the limited tools available for metabolic engineering.  

Efforts to engineer metabolic pathways for bioproduction face the universal 

challenge of balancing the expression of a desired pathway with the endogenous 

regulatory networks and metabolism of the cell 12–14. Effective bioproduction relies on the 

ability to predictably up- and down- regulate endogenous and heterologous genes 

throughout the genome. However, regulating independent genes without perturbing 

larger metabolic networks often poses a significant challenge. Countless tools have 

been developed in bacteria to regulate arbitrary gene targets 15–17. However, many of 

these tools encounter the same limitations. Repression of a gene may be deleterious to 

the health of the cell if it is essential for growth or contained in the same transcriptional 

operon as an essential gene 18. Overexpression of a target gene may increase 

metabolic burden, resulting in slow growth, low production, and genetic escapees 12,13.  

To make bioproduction from renewable feedstocks competitive with traditional chemical 

synthesis, novel methods are needed for robust control over metabolic flux. Here, we 

present several approaches to overcome the limitations of native metabolic networks 

that restrict efficient bioproduction. 
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First, we engineer synthetic activatable promoters with greatly improved dynamic 

ranges to enable the construction of complex CRISPR-based genetic circuits and 

regulatory networks in bacterial systems. This work represents a significant step 

towards building synthetic gene regulatory networks akin to those found in nature. We 

then investigate strategies for engineering and prototyping carbon-conserving 

bioproduction pathways in an E. coli-based cell-free gene expression system. We show 

that we are able to minimize competition from the native metabolism to reduce carbon 

loss and successfully demonstrate bioproduction of malate from CO₂ and glycine. These 

efforts demonstrate the utility of cell-free systems as a platform for both pathway design 

and carbon-efficient bioproduction. We then discuss recent progress and opportunities 

at the intersection of CRISPR-based metabolic engineering in microorganisms and 

systems-level modeling approaches for both guide RNA design and metabolism. From 

this review, we find that further work to develop improved models and incorporate 

approaches from machine learning will greatly expand the capabilities of 

CRISPR-based metabolic engineering. We then adapt the RNA-targeting 

CRISPR-dCas13 system for precise translational regulation in bacteria. First 

characterizing the system in E. coli, we find that dCas13 exhibits reduced polar effects 

in multi-gene operons compared to dCas9. When coupling dCas13 translational 

CRISPRi with dCas9 transcriptional CRISPRa, we demonstrate both a novel approach 

of activating single genes in multi-gene operons and improved bioproduction through 

multiplexed gene activation and repression. We show that tlCRISPRi is able to achieve 

functional effects inaccessible using dCas9, leading to improved bioproduction of a 

medically-relevant human milk oligosaccharide.  
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Chapter 2 discusses our work to develop high-performing synthetic promoters to 

enable the construction of complex gene regulatory networks and input-responsive 

genetic circuits, published in Proceedings of the National Academy of Sciences in 2023. 

In this work, we used rational promoter engineering to develop promoters with high 

dynamic ranges of gene expression, which allowed us to access new circuit topologies 

and input-responsive functions not previously demonstrated in bacterial systems. The 

ability to build synthetic systems with predictable functions is a crucial step in 

understanding the complexity of natural systems. This work represents a significant 

advancement in our ability to build complex gene regulation programs in bacteria. 

In Chapter 3, we utilize cell-free systems as a platform for metabolic engineering 

and for prototyping of carbon-conserving pathways. This work was published in 

Metabolic Engineering in 2025. The development of novel engineered pathways in 

industrially relevant microbes is limited by slow engineering cycles and difficulty in 

independently screening and debottlenecking individual pathway steps. Additionally, 

cell-free systems are advantageous for metabolic engineering as they are not limited by 

cellular burden or regulation 19 and can utilize diverse and low-cost carbon feedstocks, 

such as CO2 
20–22. In this work, we overcome challenges associated with the native 

metabolism present in lysate-based cell-free systems to produce the industrial di-acid 

malate using glycine and 2 CO2 equivalents through an engineered carbon-conserving 

pathway. These accomplishments demonstrate the capabilities of cell-free expression 

systems for both the prototyping of carbon-conserving pathways and the sustainable 

bioproduction of platform chemicals. 
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Chapter 4 reviews progress and prospects of systems-level modeling 

approaches for CRISPR-based metabolic engineering in microorganisms, published in 

ACS Synthetic Biology in 2024. CRISPR-Cas systems have enabled the development 

of complex metabolic engineering programs through guide RNA-directed regulation of 

target genes. To optimize biosynthetic pathways in microbial systems, we need 

improved models to inform the design and implementation of engineered metabolic 

pathways. Recent progress has resulted in new modeling approaches for identifying 

gene targets and predicting the efficacy of guide RNA targeting. This review discusses 

opportunities for developing improved models and incorporating approaches from 

machine learning to overcome current limitations and greatly expand the capabilities of 

CRISPR tools for metabolic engineering. 

In Chapter 5, we demonstrate the development of the RNA-targeting 

CRISPR-dCas13 system as a tool for regulating metabolic pathways at the translational 

level, published in Nucleic Acids Research in 2024. The use of dCas13 as a tool for 

translational regulation in prokaryotes is a relatively recent development 23, however its 

potential is largely still unexplored. We show that the use of dCas13 allows for improved 

regulation of gene expression in a multi-gene operon, which represents a large portion 

of the genome across bacterial species. Building upon this result, we find that dCas13 

and dCas9 can be used in combination for selective activation of individual genes in 

synthetic multi-gene operons. Finally, we apply simultaneous gene activation using 

dCas9 and repression with dCas13 to improve biosynthesis of a medically-relevant 

human milk oligosaccharide by downregulating genes that were previously inaccessible 

using dCas9 alone. These results suggest translational gene regulation using dCas13 
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may overcome transcriptional regulation effects, thereby improving our ability to 

precisely engineer bacteria for biotechnology and conduct systematic genetic screens. 
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Abstract 

Dynamic, multi-input gene regulatory networks are ubiquitous in nature. Multi-layer 

CRISPR-based genetic circuits hold great promise for building gene regulatory networks 

akin to those found in naturally-occurring biological systems. We develop an approach 

for creating high-performing activatable promoters that can be assembled into deep, 

wide, and multi-input CRISPR-activation and -interference (CRISPRa/i) gene regulatory 

networks. By integrating sequence-based design and in-vivo high-throughput screening, 

we design activatable promoters that achieve up to 1000-fold dynamic range in an E. 

coli-based cell-free system. These new components enable CRISPRa gene regulatory 

networks that are six layers deep and four branches wide. We show the generalizability 

of the promoter engineering workflow by improving the dynamic range of the 

light-dependent EL222 optogenetic system from 6-fold to 34-fold. Additionally, high 

dynamic range promoters enable conditional CRISPRa systems mediated by small 

molecules and protein-protein interactions. We apply these tools to build 

input-responsive CRISPRa/i gene regulatory networks, including feedback loops, logic 

gates, multi-layer cascades, and dynamic pulse modulators. Our work provides a 

generalizable approach for the design of high dynamic range activatable promoters and 

enables new classes of gene regulatory functions in cell-free systems. 
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Introduction 

Natural biological systems employ complex gene regulatory networks (GRNs) to 

sense diverse environmental cues and respond to them through the coordinated 

expression of multiple genes (Ma et al., 2004; Cai et al., 2008; Benzinger et al., 2022). 

Cell-free systems (CFS) have emerged as an attractive chassis for building synthetic 

biological systems as they allow for rapid prototyping of genetic parts and circuits (Jung 

et al., 2020; Karim et al., 2020; Lehr et al., 2019; Moore et al., 2018; Swank & Maerkl, 

2021). To build increasingly complex cell-free systems that can sense and respond to 

diverse inputs, new approaches for increasing the capabilities of synthetic GRNs are 

needed (Bassalo et al., 2016; Brophy & Voigt, 2014; Swank et al., 2019; Xia et al., 

2019). The ability to construct complex GRNs will enable investigating the limits of 

biological circuit design (Alon, 2007; Brophy & Voigt, 2014), building multiplexed 

molecular biosensors (Jung et al., 2020b, 2022; Nguyen et al., 2021), deploying 

on-demand bioproduction platforms (Pardee et al., 2016; Stark et al., 2021), and the 

bottom-up construction of synthetic cells (Adamala et al., 2017; Aufinger et al., 2022; 

Garamella et al., 2019; Karzbrun et al., 2014).  

CRISPR-Cas transcriptional regulation has proven a promising framework for 

building sophisticated genetic circuits across a variety of biological systems (Kim et al., 

2019; Landberg et al., 2020; Reis et al., 2019; Santos-Moreno & Schaerli, 2020; 

Westbrook et al., 2019). Transcriptional units containing target sequences for CRISPR 

activation (CRISPRa) and/or CRISPR interference (CRISPRi), termed CRISPRa/i 

nodes, can be assembled into circuits with network topologies specified by a set of 

guide RNAs (gRNAs). Experimental and theoretical analysis indicates that the 
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CRISPRa/i system is well suited to design deep and wide control circuits, defined as 

circuits containing two or more internal nodes connected in series or parallel through 

orthogonal gRNAs (Clamons & Murray, 2019; Nielsen & Keasling, 2016; Tickman et al., 

2021). Large CRISPRi GRNs with up to 7 sgRNAs have been constructed in yeast by 

implementing low leak promoters and high dynamic range repressors (Gander et al., 

2017). In E. coli-based CFS, CRISPRi-based genetic control is well established 

(Marshall & Noireaux, 2019; Westbrook et al., 2019), and CRISPRa has recently been 

incorporated (Tickman et al., 2021), greatly expanding the circuit design space. 

Integration of CRISPRa and CRISPRi has enabled two-layer activation and 

activation-repression cascades, as well as two orthogonal I1-FFLs in the same CFS. 

However, CRISPRa circuitry is limited by a lack of promoter-gRNA pairs that can be 

interconnected with minimal signal degradation (Tickman et al., 2021). Hence, a 

generalizable approach for engineering activatable promoters with low basal and high 

activated expression levels would significantly improve CRISPRa and enable the 

assembly of complex, input-responsive synthetic GRNs. 

Promoter engineering efforts have traditionally focused on designing constitutive 

and inducible promoters with predictable expression characteristics (Alper et al., 2005; 

Kelly et al., 2009). Tuning the strength of constitutive promoters involves designing 

promoter sequences that maintain either weak or strong RNA polymerase (RNAP) 

recruitment to the promoter (Brewster et al., 2012; Fleur et al., 2021). Inducible 

promoters contain recognition sites for transcriptional activators or repressors that 

modulate transcriptional levels upon binding (D. J. Lee et al., 2012; T. C. Yu et al., 

2021). Efforts to develop inducible transcription systems with high dynamic ranges have 
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relied on engineering de-repression based systems such as the Lac or Tet promoters 

(Cress et al., 2016; Groseclose et al., 2020; Liu et al., 2019; Roney et al., 2016; T. C. Yu 

et al., 2021), largely due to the difficulty of rationally designing activatable promoters 

(Fontana et al., 2020; Chen et al., 2018). For effective activation, RNAP recruitment to 

the promoter should be weak in the absence of an activator, however transcription 

initiation should be strong upon activator-mediated RNAP recruitment (Fontana, Dong, 

et al., 2020; D. J. Lee et al., 2012). Hence, higher dynamic ranges with CRISPRa and 

other transcriptional activation systems can be achieved through promoter sequence 

engineering to tune RNAP interactions. 

We develop an approach integrating sequence-based design and in-vivo 

high-throughput screening to generate an expandable set of high-performing promoters 

that exhibit both low basal and high activated expression levels. Through a sequential 

selection approach, we design activatable promoters with up to 1000-fold dynamic 

range, constituting a 33-fold improvement from previous synthetic promoters when 

ported to CFS (Fontana, Dong, et al., 2020; Tickman et al., 2021). These promoters 

enable network topologies not previously accessible, including a six-layer deep cascade 

and a four-branch parallel circuit. Additionally, by engineering activatable promoters, we 

successfully incorporate different inputs into CRISPRa/i circuits through the blue 

light-responsive EL222 transcriptional activator as well as protein-protein interaction 

(PPI)-dependent CRISPRa assembly, including SYNZIP and the small-molecule 

responsive abscisic acid (ABA) and gibberellic acid (GA) systems. Through the 

engineering of high-performing CRISPRa/i nodes as well as input signal processing 

modules, we show that CRISPRa/i circuits built with these components can be tuned to 
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achieve a broad range of functions, including deep multi-layer and wide multi-branch 

activation cascades, positive feedback loops, AND logic gates, and dynamic two-input 

pulse modulators. Overall, this work describes a new workflow for engineering 

activatable promoters and provides a toolbox of versatile components with immediate 

utility for implementing CRISPRa/i circuits. Together, these developments dramatically 

expand the ability to assemble large, multi-input GRNs in CFS. 
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Results 

We first sought to characterize the impact of RNAP recruitment on both basal 

and activated expression levels of synthetic activatable promoters. RNAP recruitment is 

dependent on the affinity of the RNAP sigma subunit (σ) for the −10 and −35 hexamers 

of the minimal promoter, as well as the affinity of the RNAP α-CTD subunits for the 

UP-element sequence upstream of the minimal promoter (Ross et al., 1998; 

Shultzaberger et al., 2007) (Figure 1A). We systematically designed libraries of these 

discrete promoter regions and screened them in E. coli. The libraries were 

co-transformed with an aTc-inducible CRISPRa plasmid to enable parallel screening of 

basal and activated expression levels (Figure 1B, Methods 2.2) (Tickman et al., 2021). 

In the absence of aTc, RNAP recruitment is determined by the promoter basal strength. 

Upon aTc induction, the MCP-SoxS activator is expressed and localized to the promoter 

via CRISPRa complexes with scaffold RNAs (scRNAs) containing an MS2 hairpin. 

MCP-SoxS then recruits RNAP to the promoter through α-CTD interactions, activating 

transcription (Dong et al., 2018) (Figure 1A). This approach allows us to characterize 

the impact of individual promoter regions on basal and activated expression 

simultaneously, and combine variants with low basal and high activated expression to 

construct high-performing activatable promoters. 

Functional interrogation of promoter regions with CRISPRa 

Impact of Minimal Promoter Region on Activability 

Previous work has demonstrated the importance of the minimal promoter region 

in determining promoter basal and activated expression levels (Fontana, Dong, et al., 
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2020; Hook-Barnard & Hinton, 2007; D. J. Lee et al., 2012; Paget & Helmann, 2003). 

We designed two minimal promoter libraries mutagenizing the -10/-35 hexamers and 

the intervening sequence of the previously identified best-performing minimal promoter 

(BBa_J23117) within the J3 synthetic CRISPRa promoter (Figure 1C, Methods 3.1) 

(Fontana, Dong, et al., 2020). These libraries were co-transformed with the 

aTc-inducible CRISPRa plasmid expressing the J306 scRNA that targets the cognate J3 

promoter. Both libraries yielded high promoter diversity with basal and activated 

expression levels ranging from that of a no-reporter control to a strong constitutive 

promoter (BBa_J23119) (Figure 1D). The set of minimal promoter variants that maintain 

both low basal and high activated expression levels can be conceptualized as a Pareto 

optimal front. In multi-objective optimization, a Pareto front defines the best-performing 

solutions for which no further improvements in either objective can be achieved without 

compromising the other (Censor, 1977). Three variants from this Pareto front exhibited 

up to 32% lower basal and 4% higher activated expression levels compared to the 

original BBa_J23117, indicating the original minimal promoter was not a part of the 

Pareto front. This finding suggests that promoter mutagenesis can yield improved 

activatable promoters beyond previous screening methods based on promoter basal 

strengths alone (Fontana, Dong, et al., 2020). By mutagenizing the minimal promoter of 

CRISPRa promoters, we generated sequences with >100-fold dynamic range in 

CRISPRa-mediated gene expression. 

Impact of UP-Element Region on Activatibility 

RNAP promoter recognition is enhanced by the AT-rich UP-elements upstream of 

the minimal promoter, which anchor the α-subunits of RNAP (Estrem et al., 1998; D. J. 
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Lee et al., 2012; Ross et al., 1998). For effective CRISPRa, RNAP should only be 

recruited to the promoter in the presence of an on-target scRNA. Hence, for 

transcriptional activation with SoxS, improvements in dynamic range could be achieved 

by minimizing RNAP-UP-element interactions and lowering basal expression levels. We 

designed five UP-element libraries mutagenizing the AT-rich E. coli consensus 

sequence with increasing GC-content (Figure 2A, Methods 3.2). As expected, the 

consensus UP-element and the AT-rich library had the highest basal expression levels 

(Figure 2B, left). On average, these libraries showed only 3-fold activation, as compared 

to 37- to 44-fold activation for the more GC-rich libraries (Figure S1). Qualitatively, we 

observed a monotonic decrease in basal expression levels and no impact on maximum 

activated levels with increased GC-content (Figure S1). We identified the optimal 

variants from each library and found a shift in the Pareto front towards lower basal and 

higher activated expression levels with increasing UP-element GC-content (Figure 2B, 

right). Specifically, the median basal and median activated expression levels of the 

GC-rich optimal variants were 59.7-fold lower and 1.7-fold higher than that of the AT-rich 

optimal variants. The original J3 synthetic promoter sat in between fronts consisting of 

high and low GC-content variants. By mutagenizing the UP-element, we generated 

promoter variants with >350-fold dynamic range in CRISPRa-mediated gene 

expression. 

Impact of the scRNA target site region on activatability 

Transcriptional activators bind upstream of the minimal promoter region to recruit 

RNAP to the transcription start site (TSS) (D. J. Lee et al., 2012). For CRISPRa, the 

optimal scRNA target site location for SoxS-mediated activation is -81 bp upstream of 
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the TSS (Fontana, Dong, et al., 2020). Changing the scRNA target sequence enables 

rapid generation of orthogonal CRISPRa promoters (Fontana, Sparkman-Yager, et al., 

2020; Lian et al., 2017). Due to the proximity to the UP-element region, we reasoned 

that the sequence composition of the scRNA target site may have an impact on basal 

expression levels. We designed three scRNA target site libraries composed of varying 

GC-content (Methods 3.3) and measured the basal expression of each library. We found 

that GC-rich libraries had 4.3-fold lower median basal expression compared to AT-rich 

libraries (Figure 2C). Additionally, the spread of the basal expression decreased 

monotonically with increasing GC-content of the scRNA target site sequence (Figure 

2C). Together, these results indicate GC-rich scRNA target site sequences lead to low 

basal expression CRISPRa promoters. To validate the CRISPRa activity at these low 

basal expression scRNA target sites, we then selected 10 GC-rich variants and 

constructed the corresponding scRNAs. All variants produced a higher fold-activation 

than the original J306 scRNA (Figure S2), with 3.5-fold average increase in 

fold-activation. 

Combining promoter regions to engineer high-performing CRISPRa promoters 

Engineering activatable promoters by combining optimized promoter regions 

We proceeded to test if the highest performing variants from the UP-element and 

minimal promoter screens could be combined to yield activatable promoters with 

improved performance. We selected three high-performing variants from both the 

UP-element and minimal promoter screens, as well as the starting J3 UP-element and 

BBa_J23117 minimal promoter, and constructed a combinatorial set of 16 promoters. 
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Surprisingly, we found that promoter regions that gave the largest improvements in the 

original context did not necessarily give the largest improvements when tested in 

different contexts (Figure S3). For instance, an UP-element that gave 400-fold activation 

when tested with the BBa_J23117 minimal promoter only gave 270-fold activation when 

tested with a different high-performing minimal promoter, largely due to a decrease in 

activated expression (Figure S3, right). These results highlight that promoter region 

context effects play an important role in the design of high-performing activatable 

promoters.  

Engineering activatable promoters through sequential promoter region screening 

We tested whether promoters with improved basal and activated expression 

levels could be achieved by selecting minimal promoters in the context of 

high-performing UP-elements. We first screened the UP-element region as these 

libraries had a larger impact than the minimal promoter libraries on the location of the 

Pareto front (Figures 1D, 2B). We mutagenized the UP-element of a promoter 

containing the minimal promoter BBa_J23117 and a high GC-rich scRNA target. We 

selected three UP-element variants from the Pareto front, which had on average 90% 

lower basal and 12% higher activated expression than the J3 promoter (Figure 2D). We 

then screened minimal promoter libraries in the context of these three selected 

UP-element variants. We again selected three new promoter variants from the Pareto 

front, which had on average 83% lower basal and 56% higher activated expression than 

the J3 promoter (Figure 2D). Notably, with this sequential screening approach we were 

able to shift the Pareto front towards lower basal and higher activated expression in 

both the UP-element and minimal promoter screens. 
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Engineering deep and wide circuits with high-performing CRISPRa promoters 

CRISPRa promoters expressing scRNAs for CRISPRa or sgRNAs for CRISPRi, 

termed CRISPRa/i nodes, can be assembled into multi-layer circuits with network 

topologies specified by the guide RNAs. Proper circuit function requires level-matching 

the input/output dynamic ranges between sequential CRISPRa/i nodes to minimize 

signal degradation (Gander et al., 2017; Nielsen & Keasling, 2016; Tickman et al., 

2021). Promoters with lower basal and higher activated expression levels should span a 

higher fraction of the input dynamic range of downstream nodes, resulting in less signal 

degradation (Tickman et al., 2021). Therefore, we sought to evaluate how dynamic 

range improvements achieved at the promoter level translate into fold-activation and 

signal propagation improvements at the circuit level and enable construction of 

increasingly deep and wide CRISPRa circuits. We implement these circuits in CFS due 

to the ease of rapidly prototyping genetic parts and circuits (Lehr et al., 2019; Tickman 

et al., 2021). Given the strong correspondence between component function in bacteria 

and CFS (Kelwick et al., 2018; Tickman et al., 2021; Vögeli et al., 2022), we reasoned 

that the high-performing CRISPRa promoters designed in E. coli could be used to build 

larger and more complex GRNs in CFS.  

Engineering functional CRISPRa/i nodes 

We first characterized the three promoter variants selected above (Figure 2D, 

HP1-3) in CFS and observed up to ~1000-fold dynamic range (Figure S4). We then 

generated a set of orthogonal CRISPRa/i nodes to be assembled into multi-layer circuits 

following previously-described methods (Tickman et al., 2021). We combined the 

highest dynamic range activatable promoter (HP3, Table S1) with previously-screened 
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scRNA target sites to generate orthogonal CRISPRa/i nodes (Figure 3A). We 

characterized the dose-response curves for each orthogonal scRNA-promoter pair and 

found these new nodes gave an average activation of 890-fold (Figures 3B, S5; Table 

S1). 

Deep CRISPRa Circuits 

We investigated whether deep multi-layer cascades could be implemented using 

the improved CRISPRa/i nodes. We first built a two-layer CRISPRa cascade by tuning 

the expression levels of the input and internal CRISPRa/i nodes and achieved up to 

127-fold activation (Figures S6, S7). Next, we assembled four-layer activation 

cascades. To compare circuit performance and dynamics in response to a scRNA input, 

we measured RFP expression and time to maximum expression rate (tmax) (Figure 3C, 

insert). If the input signal propagates faster than the leak from the rest of the nodes, 

CRISPRa-dependent expression through the network accelerates, reducing tmax. 

Therefore, a larger tmax between the +/- input conditions (taken as Δtmax) corresponds to 

an improved circuit function. For a cascade with equal node concentration at each layer, 

we found that the circuit was not input responsive (Figure 3C, middle). We then tuned 

node concentrations by either decreasing or increasing the concentration of each 

subsequent node as depth increased (denoted “D” and “I”, respectively) (Figure 3C, 

left). Assemblies D and I both had their tmax significantly accelerated compared to the no 

input conditions (Δtmax of 85 min and 165 min, respectively) (Figure 3C, right). 

Assemblies D and I also had the lowest and highest leak and absolute expression levels 

(Figure 3C, middle), indicating that timing and expression level of multi-layer, 

input-responsive circuits can be controlled through node concentration tuning. 
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We then used individual scRNA-promoter dose-response curves to inform circuit 

assembly. This strategy achieved 3-fold higher activated expression than assembly D 

and 4.5-fold lower basal expression than assembly I, and a Δtmax of 105 min (Figure 3C). 

We tuned the concentrations of the first and third internal nodes of the four-layer 

cascade for a 8-fold improvement in fold-activation (Figure 3D). Qualitatively, higher 

concentrations of the third node resulted in higher activated states, while lower 

concentrations of the first node minimized basal expression (Figure S8). We then 

changed the high-performing promoter of the second internal node for a worse 

performing promoter with higher basal expression. We observed no difference in 

expression level or tmax with or without input scRNA, indicating the circuit was no longer 

input-responsive. This result underscores the importance of high-performing promoters 

for building deep transcriptional circuits. 

We investigated how input signals are propagated through increasingly deep 

circuits (Figure 3E, left). We define signal propagation as the ratio of the fold-activation 

between the cascade output and input layer. Signal propagation was sustained above 

80% until the 4th layer was added, after which it decreased rapidly (Figure 3E, right). 

Nevertheless, we observed measurable output differences in circuits of up to six layers. 

We quantify the dynamics of signal propagation in terms of signal delay, or the 

difference in time to reach the maximum fold-activation of the cascade between the 

cascade output and input layers. The two-layer cascade gave no significant difference 

in signal delay compared to a single-layer CRISPRa reaction. This may suggest there is 

a slow step in output production, such as fluorophore maturation, that masks the effect 

of the second layer. Beyond two layers, the signal delay showed a consistent increase 
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of ~50 min with subsequent additions of the third, fourth, and sixth layers (Figure 3E, 

right), suggesting that the response characteristics are maintained at each layer in deep 

circuits. 

Wide CRISPRa Circuits 

To identify conditions under which multiple orthogonal nodes can compose wide 

CRISPRa circuits, we constructed one, two, three and four parallel three-layer cascades 

operating in the same CFS reaction. We used a single input to activate the downstream 

nodes, and measured circuit performance by connecting all cascade outputs to a RFP 

node (Figure 3F, left). We maintained the internal node concentrations constant across 

parallel cascades. We observed up to 66% decrease in output fold-activation as the 

width of the circuit increased from one to four cascades (Figure 3F, right). This decrease 

came largely from higher output levels in the absence of scRNA input (Figure S9), most 

likely due to higher overall basal expression of internal scRNAs. We then constructed 

the same circuits and tuned the node concentrations proportionally to the number of 

parallel cascades, effectively maintaining the total node concentration constant. When 

constructed in this manner, we found no statistically significant difference in the 

fold-activation across cascades of different widths (Figure 3F, right). Hence, by tuning 

the concentration of orthogonal CRISPRa/i nodes, we show an arbitrary number of 

parallel circuits with as many as nine nodes may be regulated. 

Developing activatable promoters for blue-light responsive CRISPRa/i circuits 

Above we demonstrated that high-performing CRISPRa promoters can be 

generated through parallel screening of the basal and activated levels of promoter 
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variants. In this section, we show that the same approach can be used to generate 

high-performing activatable promoters for blue-light responsive gene expression using 

the EL222 transcriptional activator. Furthermore, by placing guide RNA expression 

under the control of the engineered high-performing EL222 promoter, we demonstrate 

light-responsive CRISPRa/i signal transduction modules and signal processing 

CRISPRa/i circuits.  

High-performing blue-light responsive promoters 

The EL222 transcriptional activator interactions with the RNAP and the DNA 

binding site are well-characterized, making it a suitable model system for developing 

optogenetic inputs for CRISPRa/i circuits (Figure 4A) (Jayaraman et al., 2016; 

Motta-Mena et al., 2014; Zoltowski et al., 2013). Briefly, EL222 binds an 18 bp 

sequence upstream of the -35 region of the luxI promoter and subsequently recruits 

RNAP through interactions with the α and σ subunits (Zoltowski et al., 2013). We 

mutagenized the luxI minimal promoter (Figure 4A, Methods 3.4), and screened variants 

in E. coli in both dark and light to select for high dynamic range (Figure 4B). Starting 

with a dynamic range of less than 2-fold, we observed up to 4-fold dynamic range in 

response to blue-light. Similar to our CRISPRa promoter screens, minimal promoters 

with very low (BBa_J23113) or very high (BBa_J23119) basal expressions exhibited low 

dynamic range in response to blue-light. We selected 4 variants with >2-fold higher 

dynamic range than the luxI minimal promoter and characterized them in CFS. These 

variants yielded a 34.1-fold difference in expression between light and dark, compared 

to just 6.2-fold for the original luxI minimal promoter (Figure S10). This improvement 

comes largely from a reduction in the basal expression from the blue-light promoter, 
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suggesting we successfully minimized the RNAP-minimal promoter interactions without 

weakening EL222-promoter interactions. More importantly, these results demonstrate 

this approach for engineering actionable promoters is applicable to other transcriptional 

activation systems. 

Blue-light responsive CRISPRa/i circuits 

​ We evaluated whether the engineered blue-light promoter transcription levels 

were suitable for expressing gRNAs for CRISPRa/i circuits. We titrated 

gRNA-expressing plasmid concentrations and compared RFP expression across dark 

and light conditions. For CRISPRi, the highest light-dependent change in repression 

was 50% (Figure S11). For CRISPRa, the highest light-dependent fold-activation was 

14-fold (Figures 4C, S12). We then implemented a positive feedback loop to increase 

light-dependent CRISPRa output levels. In a CRISPRa/i circuit, positive feedback (PFB) 

can be achieved by including a downstream node that expresses a scRNA targeting an 

upstream node. We expected the degree of positive feedback in the system to be 

tunable by titrating the PFB node, with high concentrations of this node resulting in 

activation in the absence of blue-light. When optimally tuned, the positive feedback loop 

increases the light-dependent CRISPRa output levels almost 2-fold (Figure 4D). Excess 

PFB node led to a 7.6-fold increase in basal expression, decreasing the light-dependent 

activation to 1.2-fold. These results highlight that rationally designed genetic circuits 

built from engineered activatable promoters can be used to improve the dynamic range 

of input-responsive signal processing modules. 
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Engineered activatable promoters enable conditional CRISPRa dependent on 

protein-protein interactions 

The versatility of protein-protein interaction (PPI)-mediated genetic regulation for 

coupling peptide or small-molecule binding to transcriptional outputs has long attracted 

interest (Gao et al., 2016; Kundert et al., 2019; Nihongaki et al., 2015; Polstein & 

Gersbach, 2015; Y. Yu et al., 2020). Implementation of PPI-dependent transcriptional 

activation has been difficult in prokaryotic systems due to strict target site requirements 

and low dynamic range of activatable promoters (Dong et al., 2018; Fontana, Dong, et 

al., 2020). Therefore, we explored if high-performing activatable promoters could permit 

construction of PPI-dependent conditional CRISPRa signal transduction modules. 

Development of Conditional CRISPRa Systems 

As an experimental testbed, we incorporated three previously characterized 

protein-protein heterodimerization domains into our CRISPRa system: the synthetic 

coiled-coil SYNZIP 5/6 pairs (Thompson et al., 2012), the abscisic acid (ABA) 

responsive ABI–PYL1 (Cunningham-Bryant et al., 2019; Gao et al., 2016; Liang et al., 

2011), and the gibberellic acid (GA) responsive GID1–GAI (Gao et al., 2016; Miyamoto 

et al., 2012). We fused these heterodimerization domains to SoxS and MCP to enable 

conditional recruitment of SoxS to the CRISPRa complex. We generated the 

MCP-SZP6 and SoxS-SZP5 domains for SYNZIP-CRISPRa, the MCP-ABI and 

SoxS-PYL1 domains for ABA-CRISPRa, and MCP-GAI and SoxS-GID1 for 

GA-CRISPRa (Figure 5A). In the original J3 promoter context, we observed a 5.7-fold 

activation with SYNZIP-CRISPRa when SoxS was fused to the N-terminus of the 

SYNZIP domain, compared to 1.4-fold when fused in the opposite orientation (Figure 
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S13). The fold-activation of ABA-CRISPRa was also maximized when SoxS was at the 

N-terminus (Figure S13, right), therefore we moved forward with all SoxS N-terminus 

fusions. MCP-SYNZIP gave 5.7-fold activation, while SYNZIP-MCP gave only 2.8-fold 

(Figure S13). For ABA- and GA-CRISPRa, only C-terminus MCP fusions were tested 

due to the MCP-SYNZIP result and the strong precedent for using C-terminus MCP 

fusions in CRISPRa systems (Dong et al., 2018; Zalatan et al., 2015).  

CRISPRa operates narrowly within -71:-101 bp from the TSS in a 

phase-dependent manner (Fontana, Dong, et al., 2020). We questioned whether the 

introduction of an additional protein linkage into MCP-SoxS affects the relative scRNA 

target site requirements (Villegas Kcam et al., 2021). We designed a CRISPRa 

promoter with densely packed scRNA target sites and variants with 1 bp frameshifts to 

allow screening with single base pair resolution between -81:-111 bp from the TSS 

(Figure 5B, Table S1). Surprisingly, SYNZIP-CRISPRa maintains the same preference 

for the -81 bp from the TSS targeting site and the same stringent 10-11 bp phase 

dependency seen in conventional CRISPRa (Figure 5B, S14). Having identified the 

optimal scRNA target site, we changed the promoter with densely packed scRNA target 

sites for a high-performing promoter (HP3, Table S1), and observed a 5.4-fold 

improvement in SYNZIP-CRISPRa fold-activation (Figure S15).  

We then identified the permissible small-molecule input and protein expression 

levels of each conditional CRISPRa system in the context of our high-performing 

activatable promoters. For ABA- and GA-CRISPRa, small-molecule titrations showed 

that ABA-CRISPRa is responsive between 0.1-10 uM, and GA-CRISPRa is responsive 

between 0.1-100 uM (Figure 5C), with up to 7.9- and 9.0-fold-activation, respectively. 
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We screened dimer stoichiometries and expression levels by surveying a range of 

concentrations for both the MCP and SoxS components. SYNZIP-CRISPRa performs 

the best of the three systems, giving a maximal activation of 67-fold compared to a 

reaction with no MCP or SoxS plasmid added. Even at low CRISPRa component 

concentrations, SYNZIP-CRISPRa still achieves 59-fold activation (Figure 5D, left). 

ABA-CRISPRa gives a maximum activation of 18.6-fold (Figure 5D, middle). For 

GA-CRISPRa, the maximum activation of 5.9-fold was accessible in a relatively narrow 

range of component concentrations (Figure 5D, right). For all three conditional 

CRISPRa systems, higher expression of heterodimers did not necessarily improve 

activation. In line with the behaviors of natural scaffolds (Douglass et al., 2013; 

Levchenko et al., 2000), we observed a unique optimal concentration for each 

conditional CRISPRa system. The differences between systems may be due to the 

different affinities of each protein-protein interaction.  

Engineering multi-input CRISPRa/i circuits 

Multi-layer and multi-input circuits with conditional CRISPRa 

​ To use conditional CRISPRa systems as inputs into more complex CRISPRa/i 

circuits, we began by characterizing the scRNA dose-response curve of the novel 

CRISPRa systems. For all three conditional systems, the amount of scRNA needed to 

saturate the CRISPRa response was similar to that of direct CRISPRa (Figures S5, 

S16). We tested the orthogonality of the small molecule systems to evaluate if they 

could be used together for independent gene regulation (Figure 6A). We found 

ABA-CRISPRa to be highly specific to its target ligand, showing no significant activation 
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in the presence of GA. GA-CRISPRa showed 3.1-fold cross-activation from ABA, in line 

with reports in eukarya (Gao et al., 2016), but maintained a 3-fold higher specificity for 

its target ligand, giving 10.5-fold activation from GA. These results suggest that the 

ABA- and GA-CRISPRa systems can be used for effective orthogonal gene regulation. 

We built two types of input-responsive circuits to demonstrate the use of 

conditional CRISPRa for multi-input and multi-layer input processing: an AND logic gate 

and a CRISPRa cascade. To accomplish AND logic, we co-expressed both ABA- and 

GA-CRISPRa (Figure 6B, left). The addition of either ABA or GA resulted in 2-fold 

activation compared to the no-ligand condition. In the presence of both ligands, 4.5-fold 

activation was achieved, allowing us to clearly distinguish between one- and two-inputs  

(p = 0.03) and achieve AND logic. A two-layer ABA-CRISPRa cascade with both 

internal layers dependent on ABA gave 2.5-fold activation upon addition of ABA, 

showing that conditional CRISPRa can also support multi-layer information processing 

(Figure 6B, right). 

Two-input dynamic pulse generator 

​ Synthetic biologists aim to recreate complex, dynamic signaling networks that 

use multiple input-responsive regulators to tightly regulate the expression timing and 

magnitude of downstream targets (Benzinger et al., 2022; Cai et al., 2008; Wang et al., 

2014). Towards this goal, we sought to couple blue-light CRISPRi with conditional 

CRISPRa into a tunable pulse generator with two-input control over the level and timing 

of gene expression (Figure 6C, left). Based on our system characterizations, 

SYNZIP-CRISPRa is well suited for integration with blue-light CRISPRi due to its 

high-fold activation. To simulate relative production rates as a function of CRISPRa and 
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CRISPRi inputs, we built upon a coarse-grained mechanistic model of CRISPRa/i 

regulation (Tickman et al., 2021) by introducing blue-light pulses regulating sgRNA 

expression (Methods 6). By simulating changes in the pulse width as CRISPRi inputs as 

well as changes in the scRNA concentration as CRISPRa inputs, we were able to 

capture changes in both the levels and timing of RFP production rates (Figure 6C, left). 

This simulation analysis indicates that there are regimes where blue-light CRISPRi and 

conditional CRISPRa can be coupled to modulate the production rate of a desired gene 

target. 

​ Experimentally, we first kept the CFS in the dark for one hour to allow for EL222 

expression and used varying blue-light exposure times to dynamically tune CRISPRi. To 

tune SYNZIP-CRISPRa, we changed the scRNA-expressing plasmid concentration. As 

predicted by the model, RFP production rate pulse was tunable by both the scRNA 

plasmid concentration and the exposure time to blue-light (Figure 6D). When compared 

across conditions with the same CRISPRa input, higher CRISPRi input led to 20-56% 

lower maximum production rates. When compared across conditions with the same 

CRISPRi input, higher CRISPRa input led to faster maximum production rates by 30 

minutes. These results demonstrate that different CRISPRa/i-based signal transduction 

modules can be integrated and individually modulated to control gene expression, 

highlighting the potential of input-responsive CRISPRa/i GRNs for complex signal 

processing applications. 
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Discussion 

Natural biological systems have evolved GRNs containing activatable promoters 

with wide ranges of expression characteristics that enable dynamic responses to 

changing environmental conditions. Engineering activatable promoters has traditionally 

been thought to involve a trade-off between basal and activated expression levels 

(Alper et al., 2005; Cress et al., 2016; Fontana, Dong, et al., 2020). In this work, we 

show that basal and activated expression levels can largely be decoupled to generate 

activatable promoters with both lower basal and higher activated expression levels than 

previously possible. High-throughput, sequential screening of promoter regions 

constructed through sequence-based design allowed us to overcome context effects 

and identify high-performing activatable promoters. With this approach, we successfully 

engineered a suite of orthogonal CRISPRa promoters that match the basal and 

activated expression levels of the canonical Tet inducible system and exceed those of 

the Lac system (Figure S17) (T. S. Lee et al., 2011).  

The E. coli transcriptional network is governed by a hierarchical structure 

containing nine layers of regulation (Ma et al., 2004). Engineered activatable promoters 

allowed us to build multi-layer CRISPRa/i GRNs in E. coli-based CFS with depths and 

widths significantly larger than the state of the art (Garamella et al., 2016; Tickman et 

al., 2021), approaching the complexity of natural GRNs. Specifically, a 33-fold 

improvement in promoter dynamic range resulted in 80% lower signal degradation in 

two-layer cascades (Figures S6), and enabled deep GRNs with up to six layers of 

regulation. Additionally, we demonstrated wide GRNs regulating up to four parallel 

cascades, indicating that the CRISPRa/i framework is well suited for the design of wide 
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control circuits for parallel computing and multi-gene regulation. Further improvements 

in GRN complexity may be limited by resource constraints, such as upstream gRNAs 

outcompeting downstream gRNAs for dCas9 binding (Figure S7). Strategies to 

dynamically regulate upstream gRNA expression, such as reversing CRISPRa complex 

binding or implementing negative autoregulation motifs (Specht et al., 2022), could 

enable even larger GRNs.  

Biological systems continuously monitor and process environmental signals by 

using signal transduction modules, such as inducible transcriptional effectors, as inputs 

to complex GRNs (Kaplan et al., 2008; Krishna et al., 2009). Our work provides a 

general framework for optimizing transcriptional activation systems at the promoter level 

and integrating them into CRISPRa/i GRNs. Promoter engineering of the optogenetic 

EL222 system enabled high light-dependent dynamic ranges, with relevant expression 

levels for downstream applications. Through inducible gRNA expression, we 

demonstrated input signal modulation through various GRN topologies, including 

positive feedback loops and CRISPRa/i cascades, as well as integration of different 

signal transduction modules into the same CRISPRa/i GRN. Given the high degree of 

tunability and composability of the CRISPRa/i framework (Santos-Moreno & Schaerli, 

2020; Tickman et al., 2021), other GRNs with different signal processing functions, such 

as thresholding (Groseclose et al., 2021), amplification (Wang et al., 2014), and 

frequency filtering (Bashor et al., 2019), should be readily implementable. Overall, our 

work highlights the potential for building complex, input-responsive systems through 

CRISPRa/i GRNs.  
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Protein-protein interactions have been used widely to execute complex, 

input-responsive functions in eukaryotes (Beltrán et al., 2022; Foight et al., 2019; 

Guntas et al., 2015; Huang et al., 2020; Piraner et al., 2017). Implementing similar 

systems in prokaryotes has been difficult, and the development of high dynamic range 

promoters allowed us to successfully prototype and optimize conditional CRISPRa 

systems in E. coli-based CFS. Implementation of novel conditional CRISPRa systems 

may be streamlined by the fact that all systems tested here are effective when targeted 

-81 bp from the TSS, despite the presence of additional protein-protein interactions up 

to 500 amino acids in length. Additionally, conditional CRISPRa fold-activation is 

proportional to the strength of the protein-protein interaction (Table S2) (Carey et al., 

1983; Dupeux et al., 2011; Miyamoto et al., 2012; Miyazono et al., 2009; Thompson et 

al., 2012; Ueguchi-Tanaka et al., 2005; Yoshida et al., 2018), informing the a priori 

selection of heterodimers for use in conditional CRISPRa. Collectively, our work 

suggests that other heterodimerization domains could be implemented, with minimal 

prototyping, as signal transduction modules for CRISPRa/i GRNs for multiplexed 

biosensing or screening of PPIs in CFS.  

Our workflow for activatable promoter engineering enables the dynamic 

specification of expression levels for large networks of orthogonal gene targets. The 

new classes of deep, wide, and input-responsive CRISPRa/i GRNs developed here 

have immediate application in CFS for investigating the rules for genetic circuit design 

(Alon, 2007; Brophy & Voigt, 2014) and biological information processing (Adamala et 

al., 2017; Aufinger et al., 2022; Garamella et al., 2019; Karzbrun et al., 2014), as well as 

for building dynamic, multi-enzyme expression programs for self-assembling 
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bioproduction platforms (Grubbe et al., 2020; Kruyer et al., 2021; Pardee et al., 2016; 

Stark et al., 2021). Moreover, CRISPRa/i GRNs could be integrated with existing 

field-deployable medical diagnostics and environmental monitors to enable complex, 

multi-input signal processing (Jung et al., 2020a, 2022; Nguyen et al., 2021; Peruzzi et 

al., 2022). Moving forward, this work could serve as a stepping stone for building 

entirely synthetic cells and engineered living materials with GRNs that match or go 

beyond the complexity of natural systems. 
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Methods 

1. Plasmid and Library Construction 

1.1 Cloning 

All PCR amplification of plasmids and fragments used Phusion DNA polymerase in GC 

buffer. Primers were synthesized by IDT and resuspended into nuclease-free water. All 

PCR reactions were treated with DpnI for longer than 1 hour and purified using Qiagen 

gel extraction kits. Plasmid assembly was achieved using 5X In-Fusion HD mastermix 

(Takara).  

Assembled plasmids and libraries were transformed into chemically competent NEB 

Turbo E. coli and plated onto LB-agar plates with either 100 μg/mL carbenicillin or 25 

μg/mL chloramphenicol. Transformed cells were grown overnight ~16 hours at 37 °C. 

Single colonies were picked from plates and grown overnight in LB shaking at 37 °C 

with appropriate concentrations of relevant antibiotics. 

For libraries, 10 uL of the outgrowth was diluted 1:20 with LB and plated onto LB-agar 

with carbenicillin or gentamicin to check library complexity. The remaining outgrowth 

was seeded into 5 mL of LB with carbenicillin or gentamicin. Transformed cells were 

grown overnight ~16 hours at 37 °C. Single colonies were picked from plates and grown 

overnight in LB with carbenicillin or gentamicin. Both single colonies and culture were 

sequence verified. 
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Plasmids were isolated from subcultures using a DNA miniprep kit (QIAprep Spin 

Miniprep Kit) and Sanger sequenced (Genewiz inc.) to identify correctly assembled 

plasmids.  

2. E. coli Experiments 

In all E. coli experiments CRISPRa system components (dCas9, MCP-SoxS, scRNA) 

are located on a p15A ori plasmid while reporter construct is located on a pSC101** ori 

plasmid. Plate reader measurements were conducted using a BioTek Synergy HTX with 

a black flat bottom plate (Ref# 3631) using 100 μL of culture. Transformed E. coli were 

outgrown for 1 hour shaking at 37 °C and plated onto LB-agar with carbenicillin and 

chloramphenicol. Plates were grown overnight at 37 °C. Experiments were conducted 

by picking three individual colonies into 400 μL Teknova EZ-RDM with 0.2% glucose 

and appropriate antibiotics in 96 well plates, covering with breathable membrane 

(Breathe Easier cat# Z763624) and shaking overnight at 37 °C at 1200 RPM on a 

Heidolph Titramax 1000. For inducible experiments, overnight cultures are subsequently 

diluted 1:40 into a fresh plate of EZ-RDM and supplemented with appropriate 

concentrations of aTc. Measurements are conducted in Costar 96 well black flat bottom 

plates in 100 uL culture volume. 

3. Design of Promoter Region Libraries 

3.1 Minimal Promoter Libraries 

Of the two libraries, the first was designed by rationally mutagenizing specific bases that 

are known contacts of RNAP within the minimal promoter. The second library was made 

by randomly mutagenizing within the intervening sequence. Since the libraries yielded 
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similar Pareto fronts, we then combined these mutations into a third minimal promoter 

library, which was used in the sequential screening process.  

3.2 UP-Element Libraries 

We designed five UP-element libraries mutagenizing the AT-rich E. coli consensus 

sequence with increasing GC-content. We generated 5 libraries from 0% to 100% 

GC-content, and a library representing the E. coli consensus sequence (Table S3). 

3.3 scRNA Target Site Libraries 

We generated three scRNA target site libraries with varying compositions of GC-content 

(0%, 50%, and 100%) (Table S3). These libraries were used in tandem with a GC-rich 

UP-element. 

3.4 EL222 Minimal Promoter Libraries 

Starting with the native luxI minimal promoter, we introduced rational mutations to make 

it resemble a synthetic activatable promoter (J23117). We then randomly mutagenized 

within the -10:-35 region (Table S3).  

4. Cell-Free Reactions 

4.1 Cell-Free System Preparation 

The cell-free system was acquired from Arbor Biosciences (myTXTL). The cell-free 

system used for an experiment was thawed on ice and pooled into a 1.5 ml Eppendorf 

tube, vortexed, and spun-down using a mini benchtop centrifuge to ensure homogeneity 

across samples. Details about plasmid preparation are provided in Methods S1. 
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4.2 Cell-Free Gene Expression Reaction 

Cell-free gene expression reactions were assembled on ice from the CFS and purified 

DNA. A master mix with common plasmids across reactions was prepared, and 1.5 μL 

per reaction allocated into PCR tubes. Plasmids which were varied across reactions 

were added in the remaining 1 μL. For reactions containing ABA (Sigma, A4906) or GA, 

.1 μL of the small molecules were added alongside the plasmids. For reactions involving 

more than 5 plasmids, plasmids were mixed with an acoustic liquid handler robot (Echo 

Labcyte 525). The CFS was pipette mixed and added to each PCR tube in 7.5 μL for a 

final volume of 10 μL. PCR tubes were vortexed, spun-down using a mini benchtop 

centrifuge, and placed on ice. Triplicates of 2.5 μL for each reaction were pipetted into 

individual wells of a 96-well V-bottom plate (Costar, Cat. 3363). The plate was sealed 

(Costar, Cat. 3080) and analyzed on a BioTek Synergy HTX plate reader at 29 °C. 

mRFP1 fluorescence (ex. 540 nm, em. 600 nm) of cell-free reactions were measured 

every 10 min from the bottom of the plate. All reactions were run in batch mode.  

5. Optogenetic Experiments 

For both E. coli and CFS optogenetic experiments, the cultures and reactions were 

prepared as described above. The incubation conditions were modified to include a 

blue-light illumination source (UVP Visi-Blue UV Transilluminator, 8 Watts, 460/470 nm). 

The samples were placed at 37 °C or 29 °C in an incubator (Thermo Forma Orbital 

Shaker, Model #435) with the illumination source placed atop the incubator and 

irradiating inwards. The distance between the illumination source and the deepwell 

plates is 14 cm. CFS reactions were placed inside the incubator at 29 °C at a distance 
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of 6 cm with the bottom of the wells facing the illumination source. In both cases, the 

dark conditions were kept inside a cardboard box inside the incubator. Endpoint plate 

reader measurements were conducted using a BioTek Synergy HTX. 

6. CFS Blue-light CRISPRa/i modeling 

The CFS blue-light CRISPRa/i model was expanded from the previously described CFS 

CRISPRa/i model (Tickman et al., 2021). The model constitutes a series of first order 

chemical reactions for protein and guide RNA production, CRISPR complex assembly, 

and DNA targeting. All model details are described in Methods S1. 

7. Quantification and statistical analysis 

7.1 Data analysis 

Throughout this work all measured RFP levels in E. coli were normalized by measured 

OD600 with appropriate propagation of uncertainties. All metrics are described in 

Methods S2. 

7.2 Statistics 

Statistical significance was calculated using two-tailed unpaired Welch’s t-tests. 

Asterisks in Figures indicate a statistically significant difference (∗: p-value < 0.05, ∗∗: 

p-value < 0.01, ∗∗∗: p-value < 0.001). 

 

45 

https://www.zotero.org/google-docs/?8VZak8


 

Author Information 

Corresponding Authors 

James M. Carothers - Department of Chemical Engineering, Molecular 
Engineering & Sciences Institute and Center for Synthetic Biology, 
University of Washington, Seattle, WA 98195; Email: jcaroth@uw.edu 

Jesse G. Zalatan- Department of Chemistry, Molecular Engineering & 
Sciences Institute and Center for Synthetic Biology, University of 
Washington, Seattle, WA 98195; Email: zalatan@uw.edu 

Authors 

Diego Alba Burbano - Department of Chemical Engineering, Molecular 
Engineering & Sciences Institute and Center for Synthetic Biology, 
University of Washington, Seattle, WA 98195 

Ryan Cardiff - Molecular Engineering & Sciences Institute and Center for 
Synthetic Biology, University of Washington, Seattle, WA 98195 

Benjamin I. Tickman - Department of Chemical Engineering, Molecular 
Engineering & Sciences Institute and Center for Synthetic Biology, 
University of Washington, Seattle, WA 98195  

Cholpisit Kiattisewee - Molecular Engineering & Sciences Institute and 
Center for Synthetic Biology, University of Washington, Seattle, WA 98195 

Cassandra Maranas - Molecular Engineering & Sciences Institute and 
Center for Synthetic Biology, University of Washington, Seattle, WA 98195 

 

Author Contributions 

D.A.B., R.C., B.I.T., J.G.Z., and J.M.C. designed the research. D.A.B., R.C., and C.M. 
performed experiments. D.A.B., R.C., B.I.T., C.K., and C.M. analyzed the data. D.A.B., 
R.C., J.G.Z., and J.M.C. wrote the manuscript with input from all of the authors. 

 

Acknowledgements 

46 

mailto:jcaroth@uw.edu
mailto:zalatan@uw.edu


 

We thank members of the Carothers and Zalatan groups for advice, materials, and 
comments on the manuscript.  

 

Competing interests 

D.A.B., R.C., J.G.Z., and J.M.C are inventors on patents and/or patent applications filed 
by the University of Washington that describe promoter engineering, conditional 
CRISPRa technologies, and CRISPRa/i circuits in prokaryotic systems. J.G.Z. and 
J.M.C are members of the Wayfinder Biosciences scientific advisory board. 
 

Data sharing plans 

Data supporting the findings of this work are available within the paper and its 
supporting information files. All data and code are available on GitHub at: 
https://github.com/carothersresearch/CRISPRai_Circuits_2022 

 

Funding information  

This work was supported by US National Science Foundation (NSF) Award MCB 
2032794 (to J.M.C. and J.G.Z.), NSF Award CBET 1844152 (to J.M.C.), NSF Award 
EF-1935087 (to J.M.C.), US Department of Energy (DOE) BETO DE-EE0008927 (to 
J.M.C. and J.G.Z.) and DOE ARPA-E DE-AR00002387-1567 (to J.M.C). This material is 
based upon work supported by the National Science Foundation Graduate Research 
Fellowship Program under Grant No. DGE-2140004 (D.A.B.). Any opinions, findings, 
and conclusions or recommendations expressed in this material are those of the 
author(s) and do not necessarily reflect the views of the National Science Foundation. 

 

47 



 

Figures 

Figure 1: Functional interrogation of promoter regions with CRISPRa 

 

A.​ Schematic of RNAP interactions with the CRISPRa complex and target promoter. σ70 

affinity for the minimal promoter and α-CTD affinity for the UP-element determines 

RNAP recruitment to a promoter. When CRISPRa is targeted to a promoter with a 

complementary scRNA target site, the RNAP α-CTD domain is recruited by the 

SoxS transcriptional activator. RNAP-promoter and CRISPRa-promoter interactions 

can be modulated by modifying the DNA sequence of the different promoter regions. 
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B.​ Workflow for the assembly and characterization of libraries of activatable promoters. 

A library of RFP genes with varying promoters is generated through PCR (Methods 

1.1). The library is then co-transformed into E. coli with an aTc-inducible CRISPRa 

plasmid. Colonies are then seeded overnight, and subsequently diluted into media 

with appropriate concentrations of aTc. For each promoter variant in the libraries, 

basal and activated RFP levels were measured with 0 nM and 200 nM aTc, 

respectively (Methods 2). 

C.​ Schematic of RNAP interaction with the minimal promoter and library design. σ70 

recognizes specific positions in the extended -10 and -35 regions of the minimal 

promoter, which informed the design of the library MP1. σ70 binding is also 

influenced by the GC-content, the length, and the −15TGn−1 motif of the intervening 

sequence, which informed the design of library MP2 (Methods 3.1). 

D.​ Minimal promoter effect on expression levels. Left: Inducible CRISPRa system and 

minimal promoter libraries of the J3 synthetic promoter. MCP-SoxS is expressed 

from the aTc-inducible pTet promoter. dCas9 and J306 scRNA are constitutively 

expressed. Right: Activated and basal RFP/OD600 for the two minimal promoter 

libraries (nMP1 = 89, nMP2 = 84). Red dash line defines the Pareto front containing the 

best performing promoter variants (Methods S3), for which no further improvements 

in basal or activated levels can be achieved without compromising the other. Gray 

dash line defines promoter variants with equal activated and basal expression levels, 

indicating they are not activated by CRISPRa. The J23117 minimal promoter (green, 

triplicates) is included as a standard reference for CRISPRa efficiency. The J23119 

minimal promoter (red, triplicates) is an example of a non-activatable promoter due 
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to high basal expression levels. A plasmid without RFP (black, triplicates) indicates 

the background fluorescence of the system.  
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Figure 2: Combining promoter regions to engineer high-performing CRISPRa promoters 

A.​ Schematic of RNAP interactions with the UP-element and library design. α-CTD 

affinity for AT-rich UP-elements upstream of the minimal promoter helps recruit 

RNAP. Upon targeting with CRISPRa, UP-element RNAP recruitment contributions 

are largely replaced by SoxS-RNAP α-CTD interactions. UP-element libraries with 

increasing GC-content were designed to minimize α-CTD interactions (Methods 3.2).  

B.​ UP-element GC-content effect on expression levels is shown through activated and 

basal RFP/OD600 for the six UP-element libraries (nUP1 = nUP2 = … = nUP6 = 110). Left: 

Increasing GC-content in the UP-element lowers the range of basal expression level, 

while maintaining the full range of activated expression levels. Gray dash line 
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defines promoter variants with equal activated and basal expression levels. Right: 

Colored dash lines define the Pareto front for each UP-element library (Methods S3). 

Increasing the UP-element GC-content effectively shifts the Pareto front towards 

lower basal expression levels. 

C.​ scRNA target site composition effect on basal expression. Comparison of three 

scRNA libraries with increasing GC-content (nS1 = nS2 = nS3 = 93) (Methods 3.3). 

Basal expression levels are normalized to the standard J3 promoter basal 

expression level. Red lines indicate the median expression level of each distribution. 

The interquartile range (IQR) is calculated as the difference between the upper and 

lower quartiles and measures the spread of the distribution. 

D.​ Sequential construction of activatable promoters. Left: Activatable promoters were 

constructed by sequential library mutagenesis screens starting from the J3 promoter 

with a GC-rich scRNA target site. Three Pareto optimal UP-elements were selected 

after promoter mutagenesis with a GC-rich UP-element library (1). We then 

mutagenized the minimal promoter of the three previously selected variants (2), and 

again selected three Pareto optimal variants. Right: Basal and activated expression 

levels for all mutagenesis variants normalized to the standard J3 promoter 

expression levels (green). Yellow points represent variants from the UP-element 

mutagenesis (nUP6 = 192) (1), while purple points represent variants from the minimal 

promoter mutagenesis (nMP3 = 279) (2). Red circles indicate selected variants from 

each screen, and solid lines depict the Pareto optimal fronts. Each sequential 

mutagenesis led to variants with both lower basal and higher activated expression 

levels.  
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Figure 3: Engineering deep and wide circuits with high-performing CRISPRa promoters 

A.​ Schematic of orthogonal CRISPRa/i nodes for use in cell-free circuits. Internal 

nodes contain an orthogonal scRNA target site and express orthogonal scRNAs. 

Output nodes contain orthogonal scRNA target sites and express RFP. All nodes 

contain the same UP-element and minimal promoter (HP3).  

B.​ High-throughput characterization of scRNA components in CFS. Left: Plasmids 

encoding each CRISPRa component are mixed using an acoustic liquid handling 
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robot and expressed in CFS. Right: scRNA-dose response curves for each node 

are generated by titrating the amount of scRNA plasmid from 0.5 pM to 5 nM. 

C.​ Comparison of assembly strategies for building a four-layer CRISPRa cascade. 

Left: Internal node concentrations either decreased from 200 pM to 32 pM as 

depth increased, were held constant at 200 pM, or increased from 200 pM to 

1.25 nM as depth increased. A fourth assembly method was tested in which 

internal node concentrations were 40, 200, and 170 pM, based on individual 

scRNA-dose response characteristics. A fifth cascade was included in which the 

high-performing promoter of the second internal node was replaced with the 

leaky J2 promoter. Input and output node concentrations were held constant 

across all strategies at 0 or 15 pM and 10 nM, respectively. Center: Cascade 

output RFP expression for each assembly strategy with scRNA input (red) and 

without (black), relative to RFP basal expression. Right: Change in time to 

maximum expression rate (Δtmax) for each assembly strategy (Methods S3).  

D.​ Rapid fold change optimization of a four-layer CRISPRa cascade. Left: The first 

and third internal nodes of the cascade were varied between 40 and 160 pM, and 

85 and 340 pM, respectively. The input node, second internal node, and output 

node were held constant at 0 or 15 pM, 0.2 nM, and 10 nM, respectively. Right: 

Fold change between with and without scRNA input for each CRISPRa cascade.  

E.​ Signal propagation through deep CRISPRa/i circuits. Left: CRISPRa cascades 

with increasing depth. Input and output node concentrations were held constant 

across all cascades at 0 or 15 pM and 10 nM, respectively. All of the parallel 

cascade scRNA outputs are connected to the same RFP node. All node 
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concentrations are tabulated in Table S5. Right: Propagation efficiency and 

signal delay are shown as a function of circuit depth (Methods S3).  

F.​ Construction of wide CRISPRa/i circuits. Left: CRISPRa cascades with 

increasing width. Input and output node concentrations were held constant 

across all cascades at 0 or 15 pM and 10 nM, respectively. Right: The 

concentration of each internal node was held at 0.2 nM as circuit width increased 

(blue), or the internal node concentration was scaled down proportionally to the 

width of the circuit (red), such that each internal node concentration is 0.2/n nM, 

where n is the number of parallel cascades. Fold-activation is given relative to a 

single CRISPRa cascade (Methods S3). 

For all panels, values represent the mean ± standard deviation of three technical 

replicates. 
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Figure 4: Developing activatable promoters for blue-light responsive CRISPRa/i circuits 

A.​ Schematic of EL222 light-responsive promoter system and library design. EL222 

transcription factor dimerizes in response to 470 nm light and binds a specific 

sequence upstream of the minimal promoter. EL222 then recruits RNAP through 

interactions with the α-CTD domain. Minimal promoter library design is based on 

the original luxI promoter and previous minimal promoter libraries (Methods 3.4). 

B.​ Characterization of light responsive promoters in E. coli. Left: Blue-light promoter 

screening (Methods 5). EL222 protein and promoter library are expressed from a 

single plasmid. Assembly and screening are carried out as previously described. 

Basal and activated expression levels are measured from cultures not exposed 
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or continuously exposed to blue-light, respectively. Right: Basal expression and 

dynamic range of blue-light promoter variants (nMP3 = 96). Gray dash line defines 

promoter variants with equal activated and basal expression levels, indicating 

they are not activated by EL222. The J23119 minimal promoter (red) and J23113 

(black) are examples of non-activatable promoters. Variants with improved 

performance (red circles) compared to the original luxI promoter (green) were 

selected for use in CFS. 

C.​ Light-responsive CRISPRa in CFS. Left: EL222 scRNA expression from an 

engineered blue-light promoter and downstream CRISPRa. Reactions contain 

8nM and 10 nM of EL222 and RFP plasmids respectively. Right: Titration of 

blue-light inducible scRNA plasmid concentration to maximize the fold change 

between blue-light dependent CRISPRa (blue) and CRISPRa due to scRNA leak 

in the dark (black). 

D.​ Improvement of blue-light CRISPRa dynamic range through the construction of a 

positive feedback circuit. Left: Blue-light responsive CRISPRa cascade with 

positive feedback (PFB). PFB is achieved by including a downstream node that 

expresses a scRNA targeting an upstream node Reactions contain 15nM and 10 

nM of EL222 and RFP plasmids respectively. Right:  Blue-light dependent 

CRISPRa (blue) and CRISPRa due to scRNA leak in the dark (black). The 

amount of positive feedback was tuned by adjusting the concentration of the PFB 

node. “No”, “Low”, and “High” PFB concentrations correspond to 0, 3 pM, and 2 

nM, respectively.  

57 



 

For all panels, values represent the mean ± standard deviation of three technical 

replicates. 
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Figure 5: Engineered activatable promoters enable PPI-dependent conditional CRISPRa 

A.​ Schematic of different PPI-dependent CRISPRa systems. MCP-SoxS fusion is 

split and the two proteins are instead fused to one end of a heterodimerization 

domain. The heterodimerization domains used to build PPI-dependent CRISPRa 

systems are the SYNZIP5/SYNZIP6 pair, the abscisic acid (ABA)-responsive 

ABI/PYL1 domain, and the gibberellic acid (GA)-responsive GAI/GID1 domain. 

B.​ Distance requirements of PPI-dependent CRISPRa. Left: Engineered promoter 

containing densely-packed scRNA target sites and single base pair 5’ additions 

allows for CRISPRa targeting between -81 and -111 bp from the TSS. Right: 

Testing SYNZIP-CRISPRa between -81 and -91 bp from the TSS. 

SYNZIP-CRISPRa components are expressed at 5 nM. Fold change is 

calculated relative to an off-target scRNA for each promoter variant.  
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C.​ Tuning conditional CRISPRa response through titration of small molecule 

concentration. For ABA- and GA- CRISPRa, the corresponding small molecule 

was titrated between 0 and 10 or 0 and 103 μM respectively to find the optimal 

concentration. ABA- and GA-CRISPRa components are expressed at 10 nM.  

D.​ Improving PPI-dependent and conditional CRISPRa response by optimizing 

component stoichiometries. The concentration of the plasmids expressing the 

MCP and SoxS components for each dimerization system were varied 1-25 nM 

and tested combinatorially to find the best ratio of the two heterodimers. ABA is 

added at 10 μM and GA is added at 103 μM. Fold change is given relative to a 

reaction with no MCP and SoxS plasmids added. 
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Figure 6: Engineering multi-input CRISPRa/i Circuits 

A.​ Conditional CRISPRa response to non-cognate ligands. The orthogonality of the 

small molecule-responsive conditional CRISPRa systems was tested by adding 

either the corresponding or non-corresponding small molecule to cell-free 

reactions containing the components for ABA- or GA-CRISPRa. All components 

are added at their respective optimal screened concentrations. ABA is added at 

10 μM and GA is added at 103 μM.  

B.​ Assembly of conditional CRISPRa circuits. For both circuits, all components are 

added at their respective optimal screened concentrations. ABA is added at 10 

μM and GA is added at 103 μM. Left: AND-like behavior was constructed by 

adding the components for both ABA- and GA- CRISPRa in a cell-free reaction. 

Right: The CRISPRa cascade was assembled by using ABA-CRISPRa to 
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activate expression of both the first and second node in an activation cascade. 

The first node was added at either 0.05 or 0 nM, and the internal and output 

nodes were added at 10 nM.  

C.​ Simulation analysis of a two-input CRISPRa/i circuit using SYNZIP5/SYNZIP6 

heterodimerization mediated-CRISPRa and blue-light CRISPRi (Methods 6). 

D.​ SYNZIP-CRISPRa and blue-light CRISPRi were integrated to construct a tunable 

pulse generator. The amount of CRISPRa was tuned by adding either 0.2 nM or 

1 nM of constitutively expressed scRNA plasmid to the CFS reaction. The sgRNA 

targeting RFP for CRISPRi was driven from the blue-light responsive engineered 

EL222 promoter. The amount of CRISPRi was tuned by adjusting the time of 

blue-light exposure between 45 and 135 min. RFP production rates (Methods S3) 

are plotted as a function of CRISPRa and CRISPRi inputs.  

For all panels, values represent the mean ± standard deviation of three technical 

replicates. 
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Supplementary Figures 

 

Figure S1: Minimal promoter effect on fold-change 

Basal RFP/OD600 and fold change for the two minimal promoter libraries (nMP1 = 89, nMP2 

= 84). The J23117 minimal promoter (green, triplicates) is included as a standard 

reference for CRISPRa efficiency. The J23119 minimal promoter (red, triplicates) is an 

example of a non-activatable promoter due to high basal expression levels. 
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Figure S2: UP-element libraries RFP distributions 
Histograms and probability density functions for basal expression (gray) and activated 

expression (colored) for six UP-element libraries with increasing GC-content. Median 

fold change is calculated as the ratio of median activation and media basal expression 

levels.  
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Figure S3: UP-element libraries fold-change distributions 
Histograms and probability density functions for ford change for six UP-element libraries 

with increasing GC-content.  
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Figure S4: CRISPRa activity validation of high GC-content scRNAs 

Fold change upon aTc induction and basal expression. scRNA target site sequences 

were initially selected based on low expression leak in E. coli and the corresponding 

scRNAs were constructed for use in CFS. Selected scRNAs were benchmarked against 

the standard J306 scRNA (green).  
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Figure S5: Combinatorial construction of activatable promoters 

In addition to the J3.J23117 benchmark, three high performing variants each from the 

UP element and minimal promoter libraries were tested in a combinatorial manner for a 

total of 16 UP element/minimal promoter combinations screened in E. coli. We 

quantified the basal and activation expression of the 16 promoters with the same 

scRNA (bottom).  Activation ratio is calculated by dividing the activated RFP expression 

from the inducible CRISPRa system by the basal RFP expression from each promoter 

(top). Values represent the mean ± standard deviation of three technical replicates. 
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Figure S6: Activatable promoter characterization in CFS 

Characterization of selected promoter variants in CFS. CRISPRa-mediated RFP 

expression levels (red, 0.4 nM scRNA DNA) and RFP basal expression levels (black, 0 

nM scRNA DNA). Reactions contain 10 nM of RFP plasmid. Values represent the mean 

± standard deviation of three technical replicates.  
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Figure S7: scRNA dose-response characterizations 
scRNA dose-response curves are shown for orthogonal promoter-scRNA pairs in CFS. 

The scRNA-dose response curve is characterized through titrating the amount of 

scRNA DNA added to the CFS reaction. Reactions contain 10 nM of RFP plasmid. Red 

line indicates a logistic fit to the data. Values represent the mean ± standard deviation of 

three technical replicates.  
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Figure S8: Titration of middle node in two-layer activation cascade 
Two-layer activation cascade with high-performing components to identify the best 

performing internal node concentration. Left: Circuit schematic for measuring output 

RFP and fold change as a function of input scRNA. Right: Cascade RFP output with 

scRNA input (15 pM, red) and without (0 pM, black). Output node concentration is held 

constant at 10 nM. Values represent the mean ± standard deviation of three technical 

replicates.  
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Figure S9: Signal propagation in a two-layer activation cascade 
gRNA competition impact on circuit function. Left: Circuit schematic for measuring 

output fold change as a function of input scRNA for both CRISPRa (black) and 

CRISPRa cascade (red). Internal node concentration and output node concentration are 

held constant at 0.2 nM and 10 nM, respectively. Right: Input scRNA plasmid 

concentration was titrated between 1 pM and 2 nM. Black dashed line indicates 

saturation of CRISPRa complexes with input scRNA. Values represent the mean ± 

standard deviation of three technical replicates.  
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Figure S10: Time course for four-layer activation cascade assembly strategies 

Comparison of the dynamics of four-layer CRISPRa cascade assemblies. Left: Internal 

node concentrations either decreased from 200 pM to 32 pM as depth increased, were 

held constant at 200 pM, or increased from 200 pM to 1.25 nM as depth increased. A 

fourth assembly method was tested in which internal node concentrations were 40, 200, 

and 170 pM, based on individual scRNA-dose response characteristics. A fifth cascade 

was included in which the high-performing promoter of the second internal node was 

replaced with the leaky J2 promoter. Input and output node concentrations were held 

constant across all strategies at 0 or 15 pM and 10 nM, respectively. Right: Output RFP 

expression for each assembly strategy with scRNA input (red) and without (black). 

Values represent the mean ± standard deviation of three technical replicates. Time to 

maximum expression rate (tmax) for each assembly strategy is calculated by finding the 

time to reach maximum RFP production rate between (Methods 7.1).  
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Figure S11: Four-layer activation cascade basal and activated RFP expression  
Left: Basal expression levels for cascades titrating the first and third layers between 40 

and 160 pM, and 85 and 340 pM, respectively. Right: Activated expression levels for 

the same cascades. The input node, second internal node, and output node were held 

constant at 0 or 15 pM, 0.2 nM, and 10 nM, respectively. Values are not background 

subtracted. Values represent the mean ± standard deviation of three technical 

replicates.  
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Figure S12: Signal propagation and signal delay model accuracy 

Comparisons of measured and predicted signal propagation (left) and signal delay 

(right) for activation cascades of different depths. Signal propagation is calculated by 

dividing the fold-activation of the cascade output by the fold-activation from the input 

layer. (Methods 7.2). Signal delay is calculated as the difference between the cascade 

output and input layer in time to reach the maximum fold-activation (Methods 7.2). Both 

measures are presented as the mean ± standard deviation of three technical replicates. 

The fold-change from the individual promoters' dose-response curves (Figure S7) are 

used to iteratively predict the delay and signal propagation at the next layer (Methods 

S4). Black line represents the mean ± standard deviation of linear regression model 

measuring goodness-of-fit between model predictions and experimental data.  
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Figure S13: Wide circuit basal and activated RFP expression  
Up to four parallel three-layer cascades were constructed. Left: The concentration of 

each internal node was held at 0.2 nM as circuit width increased. Right: The internal 

node concentration is scaled down proportionally to the width of the circuit, such that 

each internal node concentration is 0.2/n nM, where n is the number of parallel 

cascades.  
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Figure S14: Blue-light promoter characterization in CFS 

Characterization of selected promoter variants in CFS. Reactions contain 8 nM and 10 

nM of EL222 and RFP plasmids respectively. EL222-mediated RFP expression levels 

(blue) and RFP basal expression levels (black). Values represent the mean ± standard 

deviation of three technical replicates.  
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Figure S15: Blue-light CRISPRi 
Titration of blue-light inducible sgRNA plasmid concentration to maximize the fold 

repression between blue-light dependent CRISPRi (blue) and CRISPRi due to sgRNA 

leak in the dark (black). Reactions contain 8 nM and 1 nM of EL222 and RFP plasmids 

respectively. Values represent the mean ± standard deviation of three technical 

replicates.  
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Figure S16: EL222 titration in blue-light CRISPRa 
Titration of EL222 plasmid concentration to maximize the fold change between blue-light 

dependent CRISPRa (blue) and CRISPRa due to scRNA leak in the dark (black). 

Reactions contain 10 nM RFP plasmid. Values represent the mean ± standard deviation 

of three technical replicates.  
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Figure S17: Fusion orientation preference for SYNZIP and ABI/PYL1 
Left, Middle: MCP and SoxS fusion orientations were tested for the SYNZIP-CRISPRa 

system in E. coli using the J306 spacer at -81 bp from the TSS. The MCP test was done 

using SoxS-SYNZIP and the SoxS test was done using MCP-SYNZIP. Right: SoxS 

fusions were tested for the abscisic acid (ABA) CRISPRa system using MCP-ABI. The 

ABA constructs were tested in CFS using the R206 spacer at -81 bp from the TSS. ABA 

components were expressed at 5 nM. Off-target represents reactions containing a 

scRNA with no cognate target. Values represent the mean ± standard deviation of three 

technical replicates. 
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Figure S18: Dependence of SYNZIP-CRISPRa on distance to TSS 
SYNZIP-CRISPRa and CRISPRa were tested at various target sites with increasing 

distance from the TSS in 10 bp intervals using a CRISPRa promoter with densely 

packed scRNA target sites. Plasmids expressing SYNZIP components are added at 5 

nM each. Values represent the mean ± standard deviation of three technical replicates.
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Figure S19: Improvements in SYNZIP-CRISPRa from engineered promoters 
Comparison of SYNZIP-CRISPRa scRNA-dependent fold change with the previous 

synthetic promoter used to survey target sites and an engineered high dynamic range 

promoter. Off-target represents reactions containing a scRNA with no cognate target. In 

each reaction, the concentration of reporter DNA was 10 nM. SYNZIP components are 

added at 5 nM each. Reactions are background subtracted from a cell-free reaction 

containing no DNA. Values represent the mean ± standard deviation of three technical 

replicates.  
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Figure S20: Conditional CRISPRa scRNA dose-response 

scRNA-dose response curves were collected for conditional CRISPRa systems. scRNA 

concentrations were titrated between 10-3 and 101 nM. Fold activation was calculated 

relative to the no scRNA condition. For all conditions,  ABA is added at 10 μM and GA is 

added at 103 μM. SYNZIP-CRISPRa components were both added at 5 nM, MCP-ABI 

and SoxS-PYL1 were added at 5 and 10 nM respectively, and GA-CRISPRa 

components were both added at 10 nM. Colored lines indicate a logistic fit to the data. 

Values represent the mean ± standard deviation of three technical replicates.  
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Figure S21: Comparison of CRISPRa promoters to pTet 
Comparison of RFP expression levels of different CRISPRa promoters (red) to the pTet 

system (green).  In both systems, RFP plasmid copy number and RBS remained 

constant. Basal expression level (“-”) is measured with off-target scRNAs for the 

CRISPRa promoters, and 0 nM aTc for pTet. Activated expression level (“+”) is 

measured with on-target scRNAs for the CRISPRa promoters, and 200 nM aTc for pTet. 

The J23117 and pTet values represent the mean ± standard deviation of three technical 

replicates, whereas HP1-3 values correspond to the individual variants from the 

sequential screen (Figure 2D).  
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Figure S22: Three-layer activation cascades in E. coli 
Three-layer activation cascades in E. coli with the input controlled by pTet and internal 

nodes expressed from different copy number plasmids. Top: Schematic of plasmids 

used for the different nodes. Input and output layers were kept constant across 

conditions, and the copy number of the plasmids encoding the two internal layers was 

varied between ColE1 (high copy) and CloDF13 (low copy). Bottom, left: GFP output 

for the different activation cascades at 0 nM aTc. Leak is minimized in the system when 

the third scRNA is expressed from a low copy number plasmid. Leak is also lowered 

when the second scRNA is present due to gRNA competition with the third scRNA. 

Expressing the second scRNA from a high copy number resulted in higher 
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fold-activation. Bottom, right: When induced with 100 nM aTc, cascade output is 

reduced, likely due to competition of the first scRNA with downstream scRNAs. Values 

represent the mean ± standard deviation of three technical replicates 
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Supplementary Tables 

Table S1: Promoters generated in this paper  

Promoter 
scRNA 
target UP-element Minimal Promoter Basal Activated 

HP1_J3. 
DA9.2A 

AACTCTCACA
CGTGGCTGCA 

CCGGCGGCGGCGG
CTGCCGCGCGGCG 

TTGACAGTTTTACGATGT
GTTGGGATTGTGCTAGC 

773.66 ± 
123.99 

289908.0 ± 
22289.67 

HP2_J3. 
DA9.1C 

AACTCTCACA
CGTGGCTGCA 

CCGCGGGCGGCCG
CTGCCGGGGCGCG 

TTGACACTTCCGGCACGA
AAAGGGATTGTGCTAGC 

690.33 ± 
112.43 

351826.66 ± 
7551.20 

HP3_J3. 
DA9.1B 

AACTCTCACA
CGTGGCTGCA 

CCGCGGGCGGCCG
CTGCCGGGGCGCG 

TTGACGCCTCCTTCTTTC
TTAGGGATTGTGCTAGC 

153.33 ± 
43.81 

163114.33 ± 
10141.27 

J3.DA2. 
1B 

CGCCGAATGC
TCTAGCGGGA 

CCGCGGGCGGCCG
CTGCCGGGGCGCG 

TTGACGCCTCCTTCTTTC
TTAGGGATTGTGCTAGC 

567.33 ± 
20.21 

380117.0 ± 
73224.73 

J3.DA3. 
1B 

CACACCTAAG
TCAGGATTGT 

CCGCGGGCGGCCG
CTGCCGGGGCGCG 

TTGACGCCTCCTTCTTTC
TTAGGGATTGTGCTAGC 

595.0 ± 
39.05 

279047.33 ± 
14991.68 

J3.DA4. 
1B 

CATATCTCTG
ACCTGATCGA 

CCGCGGGCGGCCG
CTGCCGGGGCGCG 

TTGACGCCTCCTTCTTTC
TTAGGGATTGTGCTAGC 

263.66 ± 
9.18 

332795.33 ± 
7755.96 

J3.DA6. 
1B 

CACATAAAAA
CCGCTGACTA 

CCGCGGGCGGCCG
CTGCCGGGGCGCG 

TTGACGCCTCCTTCTTTC
TTAGGGATTGTGCTAGC 

370.66 ± 
40.35 

313809.33 ± 
15988.97 

J3.DA9. 
1B 

AACTCTCACA
CGTGGCTGCA 

CCGCGGGCGGCCG
CTGCCGGGGCGCG 

TTGACGCCTCCTTCTTTC
TTAGGGATTGTGCTAGC 

186.0 ± 
79.92 

224187.33 ± 
20739.19 

J3.DA10.1
B 

AGAAACAGTA
AAAACTTTCA 

CCGCGGGCGGCCG
CTGCCGGGGCGCG 

TTGACGCCTCCTTCTTTC
TTAGGGATTGTGCTAGC 

425.33 ± 
29.86 

349136.66 ± 
15853.45 

EP1 - TCGGTAGCCTTTA
GTCCATG 

TTGACGCTGTATTCAGGC
AAAGGGATTGTGCTAGC 

1053.66 ± 
82.92 

10081.91 ± 
940.10 

EP2 - TCGGTAGCCTTTA
GTCCATG 

TTGACAGTGCGTACGCAG
GGAGGGATTGTGCTAGC 

6170.33 ± 
113.42 

117299.0 ± 
5279.40 

EP3 - TCGGTAGCCTTTA
GTCCATG 

TTGACGGTGAAGAGTATC
AGAGGGATTGTGCTAGC 

3516.66 ± 
217.243 

120075.33 ± 
7740.25 

EP4 - TCGGTAGCCTTTA
GTCCATG 

TTGACAGCTCAGTGAGTA
GTAGGGATTGTGCTAGC 

5079.66 ± 
417.91 

66449.16 ± 
6693.89 

R2.E8. 
R206 

(-81) 
TCGGCTCACT
TATGCACGGC 

CCGGCCCCCCCCG
CTGCCGCGGGCCG 

TTGACAAAGCTATGGCCG
GCAGGGATTGTCACAGC 

250.67 ± 
21.2 

6287.67 ± 
670.47 

R2.E8. 
R208 

(-91) 
TCCCTGACCC
TCGGCTCACT 

CCGGCCCCCCCCG
CTGCCGCGGGCCG 

TTGACAAAGCTATGGCCG
GCAGGGATTGTCACAGC 

250.67 ± 
21.2 

3056.67 ± 
414.77 

R2.E8. 
R210 

(-101) 
ACCCTTTCCT
TCCCTGACCC 

CCGGCCCCCCCCG
CTGCCGCGGGCCG 

TTGACAAAGCTATGGCCG
GCAGGGATTGTCACAGC 

250.67 ± 
21.2 

394.67 ± 
56.89 

R2.E8. 
R212 

(-111) 
TTCCTCTCCT
ACCCTTTCCT 

CCGGCCCCCCCCG
CTGCCGCGGGCCG 

TTGACAAAGCTATGGCCG
GCAGGGATTGTCACAGC 

250.67 ± 
21.2 

206.67 ± 
4.51 
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Table S2: Dimerization domain affinity 

Domain Kd Method of measurement Ref 

MS2:MCP .0033uM Filter binding assay (Carey et al., 1983) 

SYNZIP5: 

SYNZIP6 

<.015uM Fluorescence polarization (Thompson et al., 2012) 

PYL1:ABA 1 - 52uM Isothermal titration calorimetry, 

Surface plasmon resonance 

(Dupeux et al., 2011; 

Miyazono et al., 2009) 

PYL1:ABA:ABI .030uM Isothermal titration calorimetry (Dupeux et al., 2011) 

GID1:GA .2 - 4uM Radioactivity assay with 

isotopically labeled GA, In vitro 

FRET binding assay, Surface 

plasmon resonance 

(Miyamoto et al., 2012; 

Ueguchi-Tanaka et al., 

2005; Yoshida et al., 

2018) 

GAI:GA:GID1 .180uM Surface plasmon resonance (Yoshida et al., 2018) 

 

Table S3: Primers for promoter mutagenesis  

Minimal 
Promoter  

oMP1 
CGATTATAGATTGACRGCTAGCTCAGTCCTDGNNAYNGTGCTAGCGAATTCATTAAAG
AG 

oMP2 
CGATTATAGATTGACTTGACANNNNNNNNNNNNNNAGGGATTGTNNNAGCGAATTCAT
TAAAGAG 

oMP3_S2 
CGCTAGCACAATCCCWNNNNNNSNNNNMRSYGTCAAGCCGGGAGAGCTGGTTCCATTG
CGATTGCAGCCACGTGTGAGAGTT 

oMP3_S2 
CGCTAGCACAATCCCWNNNNNNSNNNNMRSYGTCAACGCCGCCCGGCAGCCGGCGCGG
GCGCTGCAGCCACGTGTGAGAGTT 

oMP3_S2 CGCTAGCACAATCCCWNNNNNNSNNNNMRSYGTCAACGCCGCGCGGCAGCCGCCGCCG
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CCGGTGCAGCCACGTGTGAGAGTT 

UP-element  

oUP1 
GCTAGCTGTCAAYNYTTTTTTAAAAAWWWWWTNNNNNNTTGTGTCCAGAACGCTCCGT
AG 

oUP2 
GCTAGCTGTCAAWWWWWWWWWWWWWWWWWWWWWWWWWWTTGTGTCCAGAACGCTCCGT
AG 

oUP3 
GCTAGCTGTCAAWWWHDWHDWHDWHDWWDWHWWHDWWWTTGTGTCCAGAACGCTCCGT
AG 

oUP4 
GCTAGCTGTCAANNNNNNNNNNNNNNNNNNNNNNNNNNTTGTGTCCAGAACGCTCCGT
AG 

oUP5 
GCTAGCTGTCAABBBBSSSSBBNNNNBSSSBSSSBSSSTTGTGTCCAGAACGCTCCGT
AG 

oUP6 
GCTAGCTGTCAASSSSSSSSSSSSSSSSSSSSSSSSSSTTGTGTCCAGAACGCTCCGT
AG 

oUP6_S1 
GCTAGCTGTCAASSSSSSSSSSSSSSSSSSSSSSSSSSTGCAGCCACGTGTGAGAGTT
AG 

scRNA 
target site  

oTS1 
GCTCGTCTCCTCACTTCTCCTWWWWWWWWWWWWWWWWWWWWCCGGCCCCCCCCGCTGC
CGCGGGCCGTTGACAGCTAGCTCAGTCCTAGG 

oTS2 
GCTCGTCTCCTCACTTCTCCTNNNNNNNNNNNNNNNNNNNNCCGGCCCCCCCCGCTGC
CGCGGGCCGTTGACAGCTAGCTCAGTCCTAGG 

oTS3 
GCTCGTCTCCTCACTTCTCCTSSSSSSSSSSSSSSSSSSSSCCGGCCCCCCCCGCTGC
CGCGGGCCGTTGACAGCTAGCTCAGTCCTAGG 

EL222 
promoter  

oMPE 
CCTCTTTAATGAATTCGCTNNNACAATCCCWNNNNNNSNNNNMRSYGTCAACATGGAC
TAAAGGCTACCTATAAA 

 

Table S4: Plasmids used in this work 

Plasmid 
J-Pro
moter 

scRNA 
target 

UP 
Element 

Minimal 
Promoter 

RBS CDS gRNA Terminator 
res

* 

ori 
** 

pJF143.

J3 
J3 J306 J3 J23117 Bujard mRFP1 X dbl term A S 
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pCK389.

gRNA 
X X X 

Sp.Cas9, 

pTet, 

J23119 

, Bujard, 

X 

Sp.Cas9, 

MCP-Sox

S 

(R93A,S1

01A) 

J306, 

AAV, 

DA9 

Dbl term, 

BBa_B1002, 

TrrnB 

C A 

pJF182.

gRNA 
X X X 

Sp.Cas9, 

J23107, 

J23119 

, Bujard, 

X 

Sp.Cas9, 

MCP-Sox

S 

(R93A,S1

01A) 

J306, 

AAV 

dbl term, 

BBa_B1002, 

TrrnB 

C A 

pDA010.

188 
X X X J23107 Bujard 

Sp. 

dCas9 
X 

ECK120033

736 
A E 

pRC029 X X X J23107 Bujard 

MCP-Sox

S 

(R93A,S1

01A) 

X 
ECK120033

736 
A E 

pRC011 X X X J23107 Bujard 
MCP-SY

NZIP6 
X 

ECK120033

736 
A E 

pRC012 X X X J23107 Bujard 
SoxS-SY

NZIP5 
X 

ECK120033

736 
A E 

pRC025 X X X J23107 Bujard MCP-ABI X 
ECK120033

736 
A E 

pRC027 X X X J23107 Bujard 
SoxS-PY

L1 
X 

ECK120033

736 
A E 

pRC042 X X X J23107 Bujard MCP-GAI X 
ECK120033

736 
A E 

pRC043 X X X J23107 Bujard 
SoxS-GI

D1 
X 

ECK120033

736 
A E 

pWS025

.BLNNN-

RFP 

X X 

X, 

EL222_Bi

nding_re

gion 

J23119, N 

BBa_B0

034, 

Bujard 

EL222, 

mRFP1 
X 

BBa_B0015_

dblT, dbl 

term 

A S 
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pDA010.

EL222 
X X X J23106 

BBa_B0

034 
EL222 X 

BBa_B0015_

dblT 
A E 

pDA040.

BLD7-m

RFP 

X X 

EL222_Bi

nding_re

gion 

D7 X mRFP1 X 
ECK120033

736 
A E 

pDA040.

BLD7-D

A9 

X X 

EL222_Bi

nding_re

gion 

D7 X X DA9 
ECK120033

736 
A E 

pDA040.

BLD7-R

R2 

X X 

EL222_Bi

nding_re

gion 

D7 X X RR2 
ECK120033

736 
A E 

pDA303 J3 DA9 1 B Bujard mRFP1 X 
ECK120033

736 
A E 

pDA304 J3 DA2 1 B Bujard mRFP1 X 
ECK120033

736 
A E 

pDA305 J3 DA3 1 B Bujard mRFP1 X 
ECK120033

736 
A E 

pDA306 J3 DA4 1 B Bujard mRFP1 X 
ECK120033

736 
A E 

pDA307 J3 DA6 1 B Bujard mRFP1 X 
ECK120033

736 
A E 

pDA309 J3 DA10 1 B Bujard mRFP1 X 
ECK120033

736 
A E 

pDA310 J3 DA9 1 B X X DA2 
ECK120033

736 
A E 

pDA311 J3 DA9 1 B X X DA3 
ECK120033

736 
A E 

pDA312 J3 DA9 1 B X X DA4 
ECK120033

736 
A E 

pDA313 J3 DA9 1 B X X DA6 
ECK120033

736 
A E 
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pDA314 J3 DA9 1 B X X DA8 
ECK120033

736 
A E 

pDA315 J3 DA2 1 B X X DA10 
ECK120033

736 
A E 

pDA316 J3 DA3 1 B X X DA10 
ECK120033

736 
A E 

pDA317 J3 DA4 1 B X X DA10 
ECK120033

736 
A E 

pDA318 J3 DA6 1 B X X DA10 
ECK120033

736 
A E 

pDA319 J3 DA8 1 B X X DA10 
ECK120033

736 
A E 

pDA320 J3 DA9 1 B X X DA2 
ECK120033

736 
A E 

pDA321 J3 DA2 1 B X X DA3 
ECK120033

736 
A E 

pDA322 J3 DA3 1 B X X DA4 
ECK120033

736 
A E 

pDA323 J3 DA4 1 B X X DA6 
ECK120033

736 
A E 

pDA324 J3 DA6 1 B X X DA8 
ECK120033

736 
A E 

pDA325 J3 DA8 1 B X X DA10 
ECK120033

736 
A E 

pRC014.

(0-4) 
R2 

R206 

(-81), 

R208 

(-91), 

R210 

(-101), 

R212 

(-111) 

E 8 Bujard mRFP X 
ECK120033

736 
A E 
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pCK956.

gRNA 
X X X 

J23107, 

J23107, 

pTet 

Bujard, 

Bujard, 

X 

Sp.Cas9, 

MCP-Sox

S 

(R93A,S1

01A) 

J106, 

AAV 

Dbl term, 

BBa_B1002, 

TrrnB 

C A 

pDA506.

gRNA 
X gRNA 1 B Bujard sfGFP X dbl term K S 

pCK957 X J106 1 B X X DA4 Sht TermA 
C, 

S 

E,

D 

pCK958 X 
J106, 

DA4 
1 B X X 

DA4, 

DA9 
Sht TermA 

C, 

S 

E,

D 

pCK960 X DA4 1 B X X DA9 Sht TermA 
C, 

S 

E,

D 

 

*Resistance marker: C stands for chloramphenicol, A stands for ampicillin, S stands for 

spectinomycin, K stands for kanamycin 

**Origin of replication:. E stands for ColE1, A stands for p15A, and S stands for sc101**, 

and D stand for CloDF13 

Table S5: Deep cascade concentrations 

Cascade/
Plasmid 

D1 
- 

D1 
+ 

D2 
- 

D2 
+ 

D3 
- 

D3 
+ 

D4 
- 

D4 
+ 

D5 
- 

D5 
+ 

D6 
- 

D6 
+ 

pDA010. 
188 

4 4 4 4 4 4 4 4 4 4 4 4 

pRC029 4 4 4 4 4 4 4 4 4 4 4 4 

pBT009.J1 0 .015 0 .015 0 .015 0 .015 0 .015 0 .015 
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.119.DA4 

pDA332   0.2 0.2 0.04 0.04 0.04 0.04 0.04 0.04 0.04 0.04 

pDA320     0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 

pDA315       0.34 0.34 0.34 0.34 0.34 0.34 

pDA335         0.13 0.13 0.13 0.13 

pDA336           .093 .093 

pDA306 10 10           

pDA303   10 10         

pDA304     10 10       

pDA309       10 10     

pDA307         10 10   

pDA305           10 10 

 

All plasmid concentrations are in nM.  
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Table S6: Component sequences 

pRC011: J23107.Buj.MCP-SYNZIP6 

 

tttacggctagctcagccctaggtattatgctagcGAATTCATTAAAGAGGAGAAAGGTACCatggggccc

gcttctaactttactcagttcgttctcgtcgacaatggcggaactggcgacgtgactgtcgccccaagcaacttcgctaacgg

gatcgctgaatggatcagctctaactcgcgttcacaggcttacaaagtaacctgtagcgttcgtcagagctctgcgcagaat

cgcaaatacaccatcaaagtcgaggtgcctaaaggcgcctggcgttcgtacttaaatatggaactaaccattccaattttcg

ccacgaattccgactgcgagcttattgttaaggcaatgcaaggtctcctaaaagatggaaacccgattccctcagcaatcg

cagcaaactccggcatctacGGTGGCGGAGGTAGCCAAAAAGTTGCGCAGCTGAAAAACCG

TGTTGCGTACAAACTGAAAGAAAACGCGAAGCTGGAGAACATCGTGGCGCGTCTG

GAAAACGACAATGCGAACCTGGAGAAAGACATTGCGAATCTCGAAAAGGACATCGC

AAATCTGGAACGTGACGTTGCGCGTTAAGCGGCCGCcacgcaaaaaaccccgcttcggcggg

gttttttcgc 

 

pRC012: J23107.Buj.SoxS-SYNZIP5 

 

tttacggctagctcagccctaggtattatgctagcGAATTCATTAAAGAGGAGAAAGGTACCATGTCC

CATCAGAAAATTATTCAGGATCTTATCGCATGGATTGACGAGCATATTGACCAGCCGC

TTAACATTGATGTAGTCGCAAAAAAATCAGGCTATTCAAAGTGGTACTTGCAACGAAT

GTTCCGCACGGTGACGCATCAGACGCTTGGCGATTACATTCGCCAACGCCGCCTG

TTACTGGCCGCCGTTGAGTTGCGCACCACCGAGCGTCCGATTTTTGATATCGCAAT

GGACCTGGGTTATGTCTCGCAGCAGACCTTCTCCCGCGTTTTCGCGCGGCAGTTT

GATCGCACTCCCGCGGATTATCGCCACCGCCTGGGTGGCGGAGGTAGCAACACCG

TTAAAGAACTGAAAAACTACATCCAGGAGCTGGAAGAGCGTAACGCTGAACTCAAA

AACCTGAAGGAACACCTGAAATTCGCAAAAGCGGAACTGGAATTCGAACTGGCGG

CTCACAAATTCGAGTAAGGCGCGCCcacgcaaaaaaccccgcttcggcggggttttttcgc 

 

pRC025: J23107.Buj.MCP-ABI 
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tttacggctagctcagccctaggtattatgctagcGAATTCATTAAAGAGGAGAAAGGTACCatggggccc

gcttctaactttactcagttcgttctcgtcgacaatggcggaactggcgacgtgactgtcgccccaagcaacttcgctaacgg

gatcgctgaatggatcagctctaactcgcgttcacaggcttacaaagtaacctgtagcgttcgtcagagctctgcgcagaat

cgcaaatacaccatcaaagtcgaggtgcctaaaggcgcctggcgttcgtacttaaatatggaactaaccattccaattttcg

ccacgaattccgactgcgagcttattgttaaggcaatgcaaggtctcctaaaagatggaaacccgattccctcagcaatcg

cagcaaactccggcatctacGGTGGCGGAGGTAGCACGCGTGTGCCTTTGTATGGTTTTACT

TCGATTTGTGGAAGAAGACCTGAGATGGAAGcTGCTGTTTCGACTATACCAAGATTC

CTTCAATCTTCCTCTGGTTCGATGTTAGATGGTCGGTTTGATCCTCAATCCGCCGCT

CATTTCTTCGGTGTTTACGACGGCCATGGCGGTTCTCAGGTAGCGAACTATTGTAGA

GAGAGGATGCATTTGGCTTTGGCGGAGGAGATAGCTAAGGAGAAACCGATGCTCT

GCGATGGTGATACGTGGCTGGAGAAGTGGAAGAAAGCTCTTTTCAACTCGTTCCTG

AGAGTTGACTCGGAGATTGAGTCAGTTGCGCCGGAGACGGTTGGGTCAACGTCGG

TGGTTGCCGTTGTTTTCCCGTCTCACATCTTCGTCGCTAACTGCGGTGACTCTAGA

GCCGTTCTTTGCCGCGGCAAAACTGCACTTCCATTATCCGTTGACCATAAACCGGAT

AGAGAAGATGAAGCTGCGAGGATTGAAGCCGCAGGAGGGAAAGTGATTCAGTGGA

ATGGAGCTCGTGTTTTCGGTGTTCTCGCCATGTCGAGATCCATTGGCGATAGATACT

TGAAACCATCCATCATTCCTGATCCGGAAGTGACGGCTGTGAAGAGAGTAAAAGAA

GATGATTGTCTGATTTTGGCGAGTGACGGGGTTTGGGATGTAATGACGGATGAAGA

AGCGTGTGAGATGGCAAGGAAGCGGATTCTCTTGTGGCACAAGAAAAACGCGGTG

GCTGGGGATGCATCGTTGCTCGCGGATGAGCGGAGAAAGGAAGGGAAAGATCCTG

CGGCGATGTCCGCGGCTGAGTATTTGTCAAAGCTGGCGATACAGAGAGGAAGCAA

AGACAACATAAGTGTGGTGGTGGTTGATTTGAAGTAAGGCGCGCCcacgcaaaaaaccc

cgcttcggcggggttttttcgc 

 

pRC027: J23107.Buj.SoxS-PYL1 

tttacggctagctcagccctaggtattatgctagcGAATTCATTAAAGAGGAGAAAGGTACCATGTCC

CATCAGAAAATTATTCAGGATCTTATCGCATGGATTGACGAGCATATTGACCAGCCGC

TTAACATTGATGTAGTCGCAAAAAAATCAGGCTATTCAAAGTGGTACTTGCAACGAAT

GTTCCGCACGGTGACGCATCAGACGCTTGGCGATTACATTCGCCAACGCCGCCTG

TTACTGGCCGCCGTTGAGTTGCGCACCACCGAGCGTCCGATTTTTGATATCGCAAT

GGACCTGGGTTATGTCTCGCAGCAGACCTTCTCCCGCGTTTTCGCGCGGCAGTTT
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GATCGCACTCCCGCGGATTATCGCCACCGCCTGGGTGGCGGAGGTAGCatgggtgggg

gcgcgccaactcaagacgaattcacccaactctcccaatcaatcgccgagttccacacgtaccaactcggtaacggccg

ttgctcatctctcctagctcagcgaatccacgcgccgccggaaacagtatggtccgtggtgagacgtttcgataggccaca

gatttacaaacacttcatcaaaagctgtaacgtgagtgaagatttcgagatgcgagtgggatgcacgcgcgacgtgaacg

tgataagtggattaccggcgaatacgtctcgagagagattagatctgttggacgatgatcggagagtgactgggtttagtat

aaccggtggtgaacataggctgaggaattataaatcggttacgacggttcatagatttgagaaagaagaagaagaaga

aaggatctggaccgttgttttggaatcttatgttgttgatgtaccggaaggtaattcggaggaagatacgagattgtttgctgat

acggttattagattgaatcttcagaaacttgcttcgatcactgaagctatgaacTAAGCGGCCGCCcgcaaaaaac

cccgcttcggcggggttttttcgc 

 

pRC042: J23107.Buj.MCP-GAI 

 

tttacggctagctcagccctaggtattatgctagcGAATTCATTAAAGAGGAGAAAGGTACCatggggccc

gcttctaactttactcagttcgttctcgtcgacaatggcggaactggcgacgtgactgtcgccccaagcaacttcgctaacgg

gatcgctgaatggatcagctctaactcgcgttcacaggcttacaaagtaacctgtagcgttcgtcagagctctgcgcagaat

cgcaaatacaccatcaaagtcgaggtgcctaaaggcgcctggcgttcgtacttaaatatggaactaaccattccaattttcg

ccacgaattccgactgcgagcttattgttaaggcaatgcaaggtctcctaaaagatggaaacccgattccctcagcaatcg

cagcaaactccggcatctacGGTGGCGGAGGTAGCATGAAGCGCGATCATCATCACCACCA

CCACCAGGATAAAAAGACGATGATGATGAATGAGGAAGATGATGGAAACGGGATGG

ACGAATTGCTGGCAGTGCTGGGATATAAGGTGCGTTCGTCCGAAATGGCAGATGTT

GCTCAGAAATTGGAGCAGTTAGAAGTAATGATGAGTAACGTTCAAGAAGATGATCTT

TCACAGTTAGCGACCGAAACTGTCCACTACAACCCTGCTGAGCTTTACACTTGGTT

GGACTCCATGCTTACCGATCTTAACtgacgcaaaaaaccccgcttcggcggggttttttcgc 

 

pRC043: J23107.Buj.SoxS-GID1 

tttacggctagctcagccctaggtattatgctagcGAATTCATTAAAGAGGAGAAAGGTACCATGTCC

CATCAGAAAATTATTCAGGATCTTATCGCATGGATTGACGAGCATATTGACCAGCCGC

TTAACATTGATGTAGTCGCAAAAAAATCAGGCTATTCAAAGTGGTACTTGCAACGAAT

GTTCCGCACGGTGACGCATCAGACGCTTGGCGATTACATTCGCCAACGCCGCCTG

TTACTGGCCGCCGTTGAGTTGCGCACCACCGAGCGTCCGATTTTTGATATCGCAAT

GGACCTGGGTTATGTCTCGCAGCAGACCTTCTCCCGCGTTTTCGCGCGGCAGTTT
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GATCGCACTCCCGCGGATTATCGCCACCGCCTGGGTGGCGGAGGTAGCATGGCAG

CCTCCGACGAGGTAAATCTTATTGAGAGTCGTACCGTCGTTCCCTTGAATACTTGGG

TGTTGATCTCGAATTTCAAGGTCGCGTACAATATCTTACGCCGCCCGGATGGAACCT

TTAACCGTCACCTTGCAGAATATCTGGACCGCAAAGTTACAGCAAATGCTAATCCAG

TTGACGGTGTTTTCAGTTTTGACGTGCTGATTGATCGCCGTATCAACCTTCTGTCCC

GTGTCTATCGTCCTGCTTACGCCGATCAGGAGCAACCTCCATCCATTCTGGATCTG

GAAAAACCAGTGGATGGGGACATTGTCCCTGTCATCCTTTTTTTCCACGGGGGGTC

GTTCGCCCACTCGTCCGCCAACAGTGCGATCTACGACACTTTATGTCGTCGTCTTG

TCGGTCTTTGCAAATGCGTGGTCGTTTCCGTGAATTACCGTCGCGCTCCGGAGAAC

CCCTACCCATGTGCCTACGACGACGGATGGATTGCGTTAAATTGGGTTAATTCACGT

AGCTGGCTGAAAAGCAAGAAAGATTCGAAGGTTCACATTTTTTTAGCGGGCGATTCT

TCAGGAGGGAACATCGCTCATAATGTCGCATTGCGTGCAGGAGAGTCTGGCATCGA

TGTTCTGGGCAACATTTTACTGAACCCGATGTTTGGGGGGAACGAGCGCACAGAAT

CCGAGAAAAGCTTGGACGGGAAGTATTTCGTGACTGTTCGCGATCGTGACTGGTAT

TGGAAAGCGTTCTTGCCCGAGGGAGAGGACCGCGAGCACCCCGCATGCAACCCC

TTTTCACCTCGCGGAAAATCGCTGGAGGGGGTCAGTTTCCCAAAATCTTTAGTCGT

AGTAGCTGGCCTGGATCTGATCCGTGATTGGCAACTTGCGTATGCTGAAGGCCTTA

AGAAGGCTGGTCAAGAAGTAAAGCTGATGCACTTAGAGAAAGCTACGGTTGGCTTT

TATCTGTTACCAAATAACAATCACTTCCATAATGTGATGGATGAGATCTCCGCTTTCG

TTAATGCGGAATGCtgacgcaaaaaaccccgcttcggcggggttttttcgc 

 

pDA010.EL222: J23106. BBaB0034.EL222 

TTTACGGCTAGCTCAGTCCTAGGTATAGTGCTAGCCTAGAGAAAGAGGAGAAATACT

AGATGTTGGATATGGGACAAGATCGGCCGATCGATGGAAGTGGGGCACCCGGGGC

AGACGACACACGCGTTGAGGTGCAACCGCCGGCGCAGTGGGTCCTCGACCTGAT

CGAGGCCAGCCCGATCGCATCGGTCGTGTCCGATCCGCGTCTCGCCGACAATCCG

CTGATCGCCATCAACCAGGCCTTCACCGACCTGACCGGCTATTCCGAAGAAGAATG

CGTCGGCCGCAATTGCCGATTCCTGGCAGGTTCCGGCACCGAGCCGTGGCTGAC

CGACAAGATCCGCCAAGGCGTGCGCGAGCACAAGCCGGTGCTGGTCGAGATCCT

GAACTACAAGAAGGACGGCACGCCGTTCCGCAATGCCGTGCTCGTTGCACCGATC

TACGATGACGACGACGAGCTTCTCTATTTCCTCGGCAGCCAGGTCGAAGTCGACGA
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CGACCAGCCCAACATGGGCATGGCGCGCCGCGAACGCGCCGCGGAAATGCTCAA

GACGCTGTCGCCGCGCCAGCTCGAGGTTACGACGCTGGTGGCATCGGGCTTGCG

CAACAAGGAAGTGGCGGCCCGGCTCGGCCTGTCGGAGAAAACCGTCAAGATGCA

CCGCGGGCTGGTGATGGAAAAGCTCAACCTGAAGACCAGCGCCGATCTGGTGCG

CATTGCCGTCGAAGCCGGAATCTAAGGATCCAAACTCGAGTAAGGATCTCCAGGCA

TCAAATAAAACGAAAGGCTCAGTCGAAAGACTGGGCCTTTCGTTTTATCTGTTGTTT

GTCGGTGAACGCTCTCTACTAGAGTCACACTGGCTCACCTTCGGGTGGGCCTTTCT

GCGTTTATA 

 

pDA040.BLD7-mRFP: EL222_Binding_region.D7.Bujard.mRFP 

GGTAGCCTTTAGTCCATGTTGACGGTGAAGAGTATCAGAGGGATTGTGCTAGCGAA

TTCATTAAAGAGGAGAAAGGTACCATGGCGAGTAGCGAAGACGTTATCAAAGAGTT

CATgcgtttcaaagttcgtatggaaggttccgttaacggtcacgagttcgaaatcgaaggtgaaggtgaaggtcgtccgt

acgaaggtacccagaccgctaaactgaaagttaccaaaggtggtccgctgccgttcgcttgggacatcctgtccccgcag

ttccagtacggttccaaagcttacgttaaacacccggctgacatcccggactacctgaaactgtccttcccggaaggtttca

aatgggaacgtgttatgaacttcgaagacggtggtgttgttaccgttacccaggactcctccctgcaagacggtgagttcatc

tacaaagttaaactgcgtggtaccaacttcccgtccgacggtccggttatgcagaaaaaaaccatgggttgggaagcttcc

accgaacgtatgtacccggaagacggtgctctgaaaggtgaaatcaaaatgcgtctgaaactgaaagacggtggtcact

acgacgctgaagttaaaaccacctacatggctaaaaaaccggttcagctgccgggtgcttacaaaaccgacatcaaact

ggacatcacctcccacaacgaagactacaccatcgttgaacagtacgaacgtgctgaaggtcgtcactccaccggtgctt

aaggatccaaactcgagtaaggatctGTGCTTTTTTTaacgcatgagAAAGCCCCCGGAAGATCAC

CTTCCGGGGGCTTTtttattgcgc 
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Table S7: ANOVA analysis of combinatorial promoter screens 

 

 Sum of 
Squares 

Degrees of 
Freedom 

F Value p Value 

Minimal 
Promoter 

23155.9 3 9.5 1.2e-4 

UP-Element 315527.0 3 129.7 5.5e-18 

Minimal 
Promoter &  
UP-Element 

 
53678.2 

 
9 

 
7.4 

 
1.0e-5 

Residual 25954.2 32 - - 
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Supplementary Methods 

Methods S1: Plasmid Preparation for Cell-Free System 

Plasmids intended for use in CFS were grown in culture volumes ~20 mL to ensure 

adequate yields for multiple cell-free reactions and were further purified using a PCR 

purification kit (Invitrogen PureLink, Cat. K310001), eluted into nuclease-free water. 

Plasmid concentrations were quantified via spectrophotometry (Nanodrop 2000c, Cat. 

ND-2000C). 

Methods S2: CFS Blue-light CRISPRa/i modeling 
The model was implemented using the text-based model definition language Antimony 

for Python 3.7. We introduced blue-light regulation as a piecewise function that 

modulates transcription of the sgRNA required for CRISPRi. We used linear functions of 

different slopes to capture the fast dimerization of the EL222 protein and binding to the 

DNA upon blight exposure as well as the slow unbinding in the absence of blue-light. 

Specifically, we the sgRNA basal transcription constant is modified with the following 

function: 

 0    𝑖𝑓    0 <  𝑡 <  𝑡
𝑑𝑒𝑙𝑎𝑦

 
𝑘

𝑚𝑎𝑥
 

𝑡
𝑂𝑁

𝑡 − 𝑡
𝑑𝑒𝑙𝑎𝑦( )   𝑖𝑓    𝑡

𝑑𝑒𝑙𝑎𝑦
 <  𝑡 <  𝑡

𝑑𝑒𝑙𝑎𝑦
+ 𝑡

𝑂𝑁

 𝑘
𝑚𝑎𝑥

  𝑖𝑓    𝑡
𝑑𝑒𝑙𝑎𝑦

+ 𝑡
𝑂𝑁

 <  𝑡 <  𝑡
𝑑𝑒𝑙𝑎𝑦

+ 𝑡
𝑂𝑁

 +  𝑡
𝑒𝑥𝑝𝑜𝑠𝑒

 
−𝑘

𝑚𝑎𝑥
 

𝑡
𝑂𝐹𝐹

𝑡 − (𝑡
𝑑𝑒𝑙𝑎𝑦

+ 𝑡
𝑂𝑁

+ 𝑡
𝑒𝑥𝑝𝑜𝑠𝑒( )   𝑖𝑓    𝑡

𝑑𝑒𝑙𝑎𝑦
+ 𝑡

𝑂𝑁
 +  𝑡

𝑒𝑥𝑝𝑜𝑠𝑒
 <  𝑡 <  𝑡

𝑑𝑒𝑙𝑎𝑦
+ 𝑡

𝑂𝑁
 +  𝑡

𝑒𝑥𝑝𝑜𝑠𝑒
+ 𝑡

𝑂𝐹𝐹

Where  represents the transcription rate constant when EL222 is fully bound to the 𝑘
𝑚𝑎𝑥

 

promoter, and    represent the time delay for light exposure, the time for 𝑡
𝑑𝑒𝑙𝑎𝑦

, 𝑡
𝑂𝑁

, 𝑡
𝑒𝑥𝑝𝑜𝑠𝑒

, 𝑎𝑛𝑑 𝑡
𝑂𝐹𝐹
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EL222 dimerization and binding, the exposure time to light, and the time for EL222 unbinding 

upon removing the light source, respectively.  

Methods S3: Quantification and Statistical Analysis 

E. coli data analysis: 
Dynamic range: 

Dynamic range was calculated as the ratio of measured RFP outputs without induction 

(0 nM aTc, or dark) and with induction (200nM aTc, or light): 

 𝐷𝑅 =  𝐵
α

1− 𝐵0

𝐵
α

2− 𝐵0

where: 

B is RFP/OD600 measured at endpoint 

α1 is activated expression, with induction 

α2 is basal expression, without induction 

0 is no RFP expression  

 

Pareto optimality: 

To identify the best-performing promoter variants belonging to the Pareto front, we 

compared the basal and activated RFP expression levels of each variant to all other 

variants. A variant belongs to the Pareto front if no other variant had both lower basal 

and higher activated expression levels: 

 𝑣
𝑜

∈ 𝑃(𝑉)  𝑖𝑓 𝑡ℎ𝑒𝑟𝑒 𝑖𝑠 𝑛𝑜 𝑣 𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡 (𝑣𝑎 > 𝑣
𝑜
𝑎 &  𝑣𝑏 < 𝑣

𝑜
𝑏)  𝑓𝑜𝑟 𝑎𝑙𝑙 𝑣 ∈ 𝑉

where: 

 is the set of all promoter variants 𝑉

 is a variant in  𝑣
𝑜

𝑉

,  are the activated and basal expression levels of said variant 𝑣
𝑜
𝑎 𝑣

𝑜
𝑏

 is the set of promoter variants belonging to the Pareto front 𝑃(𝑉)
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Cell-free data analysis 

Production Rate: 

Throughout this work, we define production rate as: 

 𝐵̇
α
(𝑡) =  𝑑𝐵α

𝑑𝑡 = 𝐵α 𝑡+30( )−𝐵α(𝑡)
30

where: 

​ B is the measured RFP 

​  specifies the circuit topology and relevant plasmid concentrations  α

 

Relative Production Rates: 

Relative production rates of CRISPRa mediated outputs were calculated as the ratio of 

CRISPRa mediated production rates divided by unregulated production rates. For 

CRISPRa the contribution due to unregulated basal expression was subtracted from 

measured output levels due to CRISPRa. This was done to isolate the timing of 

CRISPRa mediated gene expression from the comparatively early contribution of basal 

expression, and to allow observation of CRISPRa mediated gene expression dynamics 

under conditions where basal expression of reporter constructs dominates. Throughout 

this work, relative production rates are abbreviated as Rel. RFP Prod. Rate and are 

calculated as:  

 𝐵̇
Γ

α
(𝑡) = 𝐵̇

α
𝑡( )− 𝐵̇

Γ
𝑡( )

𝐵̇
Γ

𝑡( )

where: 

​  is a specific CRISPRa/i circuit α

 is constitutive expression  Γ
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Fold change:  

Fold change was calculated as the ratio of RFP values generated by CRISPRa in the 

presence of input scRNA compared to RFP values generated in the absence of input 

scRNA. 

 𝐹𝐶α 𝑦( ) = 𝐵α+ 𝑡( )−𝐵Γ 𝑡( )

𝐵α− 𝑡( )−𝐵Γ 𝑡( )

where: 

​  is CRISPRa with y nM input scRNA α +

 is CRISPRa without input scRNA α −

 is constitutive expression Γ

 

Time to maximum expression rate: 

To calculate the time to maximum expression rate, the contribution due to unregulated 

basal expression was subtracted from measured RFP levels due to CRISPRa. This was 

done to isolate the timing of CRISPRa mediated gene expression from the 

comparatively early contribution of leak, and to allow observation of CRISPRa mediated 

gene expression dynamics under conditions where basal expression of reporter 

constructs dominates.  The time to maximum expression is denoted as tmax.  

 𝑡 = 𝑡
𝑚𝑎𝑥

 𝑤ℎ𝑒𝑛  𝐵̇
Γ

α
(𝑡) =  𝑚𝑎𝑥(𝐵̇

Γ

α
(𝑡))

where: 

 is a specific CRISPRa/i circuit α

 is constitutive expression  Γ
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Change in time to maximum expression rate (Δtmax) is calculated by finding the 

difference in time to reach maximum production rate between the with and without input 

conditions. 

 Δ𝑡
𝑚𝑎𝑥

=  𝑡
𝑚𝑎𝑥
α+ − 𝑡

𝑚𝑎𝑥
α−

Signal propagation efficiency: 

Propagation efficiency of the CRISPRa cascade in CFS was calculated as the maximum 

fold change in cascade output ± input divided by the fold change provided by CRISPRa 

in the input layer at the same time point. 

 𝑝𝑟𝑜𝑝𝑎𝑔𝑎𝑡𝑖𝑜𝑛 =  100 •
𝑚𝑎𝑥(𝐹𝐶α(𝑦 ))

𝐹𝐶
β

(𝑦 )

where: 

α is CRISPRa cascade with y nM of scRNAs 

β is CRISPRa with y nM of scRNAs 

 

Signal delay: 

Signal delay is calculated as the difference in time to reach the maximum fold change of 

the cascade between the cascade output and input layer. 

 𝑡α = 𝑡
𝑚𝑎𝑥
α 𝐹𝐶  𝑤ℎ𝑒𝑛 𝐹𝐶

α
(𝑦 ) =  𝑚𝑎𝑥(𝐹𝐶

α
(𝑦 ))

 𝑡β = 𝑡
𝑚𝑎𝑥
β 𝐹𝐶  𝑤ℎ𝑒𝑛 𝐹𝐶

β
(𝑦 ) =  𝑚𝑎𝑥(𝐹𝐶

α
(𝑦 ))

  𝑑𝑒𝑙𝑎𝑦 =   𝑡
𝑚𝑎𝑥
β 𝐹𝐶 −  𝑡

𝑚𝑎𝑥
α 𝐹𝐶
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where: 

α is CRISPRa cascade with y nM of scRNAs 

β is CRISPRa with y nM of scRNAs 

 

Methods S4: Relationship between signal delay and signal propagation 

We define fraction of signal propagation at the nth node to be the product of the fraction 

of signal propagated at the previous nodes, namely: 

 𝑓𝑆𝑃
𝑛

=  
𝑖

𝑛

∏ 𝑓𝑆𝑃
𝑖

where the fraction of signal propagated by each node i is a function of the characteristic 

relative fold-change of node i, as well as the time of the reaction at which the signal 

propagates through node i:  

 𝑓𝑆𝑃
𝑖

= 𝑟𝐹𝐶
𝑖

· 𝑒
− θ

𝑖
+𝑡

𝑜( )
𝛕  

where  is the reaction boot up time, and  is the characteristic time of the system. 𝑡
𝑜

𝛕

While seemingly simple, the exponential term accounts for the complex dynamics of 

cell-free expression and gRNA competition, and favors expression from earlier nodes. 

 

The time of the reaction at which the signal propagates through the nth node can be 

estimated based on the fraction of the signal propagated through the nth node and the 

relative lifetime of the reaction: 

 θ
𝑛

=  𝑟𝐿𝑇 · (1 − 𝑓𝑆𝑃
𝑛
)

where the relative lifetime of the reaction is the difference between the time to maximum 

fold activation of a one-layer cascade and the end of the reaction. With these equations 

and the characteristic relative fold-change of each node, both the signal delay and 

probation can be calculated iteratively.  

Based on kinetic data, we set  and to  be ~2 hrs and ~5 hrs, respectively. In order 𝑡
𝑜

𝑟𝐿𝑇 

to estimate , we fit the model to empirical signal propagation and delay data by 𝛕

minimizing the sum of residuals using the Nelder-Mead algorithm. 
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Methods S5: Cell-Free Gene Expression Reaction 
Cell-free gene expression reactions were assembled on ice from the CFS and purified 

DNA. A master mix with common plasmids across reactions was prepared, and 1.5 μL 

per reaction allocated into PCR tubes. Plasmids which were varied across reactions 

were added in the remaining 1 μL. For reactions containing ABA (Sigma, A4906) or GA, 

.1 μL of the small molecules were added alongside the plasmids. For reactions involving 

more than 5 plasmids, plasmids were mixed with an acoustic liquid handler robot (Echo 

Labcyte 525). The CFS was pipette mixed and added to each PCR tube in 7.5 μL for a 

final volume of 10 μL. PCR tubes were vortexed, spun-down using a mini benchtop 

centrifuge, and placed on ice. Triplicates of 2.5 μL for each reaction were pipetted into 

individual wells of a 96-well V-bottom plate (Costar, Cat. 3363). The plate was sealed 

(Costar, Cat. 3080) and analyzed on a BioTek Synergy HTX plate reader at 29 °C. 

mRFP1 fluorescence (ex. 540 nm, em. 600 nm) of cell-free reactions were measured 

every 10 min from the bottom of the plate. All reactions were run in batch mode.  

Methods S6: Plasmid and Library Construction 

All PCR amplification of plasmids and fragments used Phusion DNA polymerase in GC 

buffer. Primers were synthesized by IDT and resuspended into nuclease-free water. All 

PCR reactions were treated with DpnI for longer than 1 hour and purified using Qiagen 

gel extraction kits. Plasmid assembly was achieved using 5X In-Fusion HD mastermix 

(Takara).  

Assembled plasmids and libraries were transformed into chemically competent NEB 

Turbo E. coli and plated onto LB-agar plates with either 100 μg/mL carbenicillin or 25 

μg/mL chloramphenicol. Transformed cells were grown overnight ~16 hours at 37 °C. 
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Single colonies were picked from plates and grown overnight in LB shaking at 37 °C 

with appropriate concentrations of relevant antibiotics. 

Methods S7: Optogenetic setup 

The samples were placed at 37 °C or 29 °C in an incubator (Thermo Forma Orbital 

Shaker, Model #435) with the illumination source placed atop the incubator and 

irradiating inwards. The distance between the illumination source and the E. coli 

deepwell plates was 14 cm. CFS reactions were placed inside the incubator at 29 °C at 

a distance of 6 cm with the bottom of the wells facing the illumination source. In both 

cases, the dark conditions were kept inside a cardboard box inside the incubator. 

Endpoint plate reader measurements were conducted using a BioTek Synergy HTX. 

Methods S8: E. coli experiments culturing and quantification conditions 

Transformed E. coli were outgrown for 1 hour shaking at 37 °C and plated onto LB-agar 

with carbenicillin and chloramphenicol. Plates were grown overnight at 37 °C. 

Experiments were conducted by picking three individual colonies into 400 μL Teknova 

EZ-RDM with 0.2% glucose and appropriate antibiotics in 96 well plates, covering with 

breathable membrane (Breathe Easier cat# Z763624) and shaking overnight at 37 °C at 

1200 RPM on a Heidolph Titramax 1000. For inducible experiments, overnight cultures 

are subsequently diluted 1:40 into a fresh plate of EZ-RDM and supplemented with 

appropriate concentrations of aTc. Plate reader measurements were conducted using a 

BioTek Synergy HTX with a black flat bottom plate (Ref# 3631) using 100 μL of culture. 
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Methods S9: Plasmid and Library Preparation 

Details regarding plasmid and library construction are presented in Methods S6. 

Plasmids were transformed into chemically competent NEB Turbo E. coli. 10 uL of the 

outgrowth with transformed libraries was diluted 1:20 with LB and plated onto LB-agar 

with carbenicillin to check library complexity. The remaining outgrowth was seeded into 

5 mL of LB with carbenicillin or gentamicin. Cells were grown overnight ~16 hours at 37 

°C. Single colonies were picked from plates and grown overnight in LB with carbenicillin. 

Single colonies and culture were sequence verified. Plasmids were isolated from 

subcultures using a DNA miniprep kit (QIAprep Spin Miniprep Kit) and Sanger 

sequenced (Genewiz inc.).  

Methods S10:  E. coli Experiments 

dCas9, MCP-SoxS, and scRNA are on a p15A ori plasmid while reporter construct is 

located on a pSC101** ori plasmid. For experiments involving more than two plasmids, 

competent cells were first made from cells carrying the reporter plasmid and the 

CRISPRa plasmid (including either on- or off-target input scRNAs). The appropriate 

plasmids expressing internal scRNAs were transformed into the competent cells. Details 

regarding culturing conditions and quantification are provided in Methods S8. 

 

Methods S11: Design of Promoter Region Libraries 

3.1 Minimal Promoter Libraries: MP1 was designed by rationally mutagenizing specific 

bases that are known contacts of RNAP within the minimal promoter. MP2 was made by 

randomly mutagenizing within the intervening sequence. Since the libraries yielded 

117 



 

similar Pareto fronts, we combined these mutations into MP3, used in the sequential 

screening process (Table S3).  

3.2 UP-Element Libraries: We designed five UP-element libraries mutagenizing the 

AT-rich E. coli consensus sequence with increasing GC-content. We generated 5 

libraries from 0% to 100% GC-content, and a library representing the E. coli consensus 

sequence (Table S3). 

3.3 scRNA Target Site Libraries: We generated three scRNA target site libraries with 

varying compositions of GC-content (0%, 50%, and 100%) (Table S3). These libraries 

were used in tandem with a GC-rich UP-element. 

3.4 EL222 Minimal Promoter Libraries: Starting with the native luxI minimal promoter, 

we introduced rational mutations to make it resemble a synthetic activatable promoter 

(J23117). We then randomly mutagenized within the -10:-35 region (Table S3).  

Methods S12: Cell-Free System Preparation 

CFS was acquired from Arbor Biosciences (myTXTL). The CFS used for an experiment 

was thawed on ice and pooled into a 1.5 ml Eppendorf tube, vortexed, and spun-down 

using a mini benchtop centrifuge to ensure sample homogeneity. Details about plasmid 

preparation are provided in Methods S1, and details about the CFS reaction are 

provided in Methods S5. 

Methods S13: Optogenetic Experiments 

E. coli cultures and  CFS reactions were prepared as described above. The incubation 

conditions were modified to include a blue-light illumination source (UVP Visi-Blue UV 
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Transilluminator, 8 Watts, 460/470 nm). Details about optogenetic setup are provided in 

Methods S7.  

Methods S14: CFS Blue-light CRISPRa/i modeling 

The CFS blue-light CRISPRa/i model was expanded from the previously described CFS 

CRISPRa/i model [32]. The model constitutes a series of first order chemical reactions 

for protein and guide RNA production, CRISPR complex assembly, and DNA targeting. 

All model details are described in Methods S2. 

Methods S15: Quantification and statistical analysis 

7.1 Data analysis: Throughout this work all measured RFP levels in E. coli were 

normalized by measured OD600 with appropriate propagation of uncertainties. All 

metrics are described in Methods S3. 

7.2 Statistics: Statistical significance was calculated using two-tailed unpaired Welch’s 

t-tests. Asterisks in Figures indicate a statistically significant difference (∗: 

p-value < 0.05, ∗∗: p-value < 0.01, ∗∗∗: p-value < 0.001).  

 

 

​ ​ ​ ​  
​ ​ ​  
​ ​  
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Abstract 

Formate, a biologically accessible form of CO2, has attracted interest as a renewable 

feedstock for bioproduction. However, approaches are needed to investigate efficient 

routes for biological formate assimilation due to its toxicity and limited utilization by 

microorganisms. Cell-free systems hold promise due to their potential for efficient use of 

carbon and energy sources and compatibility with diverse feedstocks. However, 

bioproduction using purified cell-free systems is limited by costly enzyme purification, 

whereas lysate-based systems must overcome loss of flux to background reactions in 

the cell extract. Here, we engineer an E. coli-based system for an eight-enzyme 

pathway from DNA and incorporate strategies to regenerate cofactors and minimize 

loss of flux through background reactions. We produce the industrial di-acid malate from 

glycine, bicarbonate, and formate by engineering the carbon-conserving reductive TCA 

and formate assimilation pathways. We show that in situ regeneration of NADH drives 

metabolic flux towards malate, improving titer by 15-fold. Background reactions can also 

be reduced 6-fold by diluting the lysate following expression and introducing chemical 

inhibitors of competing reactions. Together, these results establish a carbon-conserving, 

lysate-based cell-free platform for malate production, producing 64 μM malate after 8 

hours. This system conserves 43% of carbon otherwise lost as CO2 through the TCA 

cycle and incorporates 0.13 mol CO2 equivalents/mol glycine fed. Finally, 

techno-economic analysis of cell-free malate production from formate revealed that the 

high cost of lysate is a key challenge to the economic feasibility of the process, even 
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assuming efficient cofactor recycling. This work demonstrates the capabilities of 

cell-free expression systems for both the prototyping of carbon-conserving pathways 

and the sustainable bioproduction of platform chemicals. 

 

Graphical Abstract 
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Introduction 

Metabolic engineering has enabled the production of industrially relevant 

chemicals from renewable and low-cost one carbon (C1) feedstocks, including CO2 and 

formate 1–3. The use of renewable feedstocks offers a promising alternative to 

petroleum-based chemical synthesis for the sustainable production of platform 

chemicals 4,5. However, the use of CO2 and formate as feedstocks for common 

metabolic engineering chassis, such as Escherichia coli, has been limited by the low 

solubility of CO2 and high formate toxicity 6,7. Novel approaches are needed to efficiently 

incorporate C1 feedstocks into biologically-accessible chemicals. 

The use of cell-free gene expression systems (CFE) as a platform for 

carbon-conserving metabolic engineering has the potential to address several of the 

limitations of microbial based bioproduction 8. CFE are typically either prepared as a 

purified system, in which all the necessary components are individually purified and 

then reconstituted, or as a cell-based lysate 9,10. Each CFE approach has its own 

advantages and weaknesses, but across systems the high cost of preparation limits 

their potential for metabolic engineering 11. Lysate-based transcriptional and 

translational (TXTL) systems show promise for high-yield protein expression at lower 

costs than purified systems 12, while still enabling modification of reaction conditions, 

such as protein and chemical concentrations. CFE prepared from E. coli lysate contain 

high concentrations of cellular proteins and metabolites, including those required for 

transcriptional and translation, but lack the cell membrane and genomic DNA native to 

the cell 13. This allows CFE to be leveraged as an open reaction vessel, where plasmid 

or linear DNA encoding pathways of interest can be added directly to the reaction 

mixture. 
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For lysate-based metabolic engineering, there are many outstanding questions 

with respect to the relevant expression levels of multi-enzyme pathways, compatibility of 

reaction conditions for gene expression and bioproduction, and the challenges 

associated with the endogenous proteome of the lysate. To date, the majority of in vitro 

carbon-fixing pathways have been assembled using purified enzyme systems to avoid 

interference from native enzymes present in a lysate-based system 14–16. However, 

purified systems are limited by the high cost of biocatalyst preparation 14,17–19. While less 

costly to prepare than purified enzyme systems, lysate-based systems face challenges 

from the presence of native pathways and an inability to easily regulate endogenous 

enzyme activity in CFE 20,21. While the activity of the endogenous proteome in cell-free 

lysates is well-documented 18,22, effective interventions are still needed to minimize 

diversion of flux from competing reactions in the proteome. Developing systems to 

understand which enzymes and metabolic branches are important focal points for 

diversion is crucial for cell-free metabolic engineering and bioproduction more broadly.  

Several carbon-fixing or carbon-conserving bioproduction pathways have been 

demonstrated using purified enzyme systems. Many systems take advantage of 

carboxylase-dependent cycles to iteratively fix carbon into a C3 or C4 product 14–16. 

Carboxylase-dependent pathways are often easier to implement in vitro as they tend to 

avoid the need for unstable, oxygen-sensitive cofactors. However, these cyclical 

pathways tend to be energetically expensive in terms of NAD(P)H and ATP 

consumption compared to linear pathways, such as the reverse glycine cleavage 

pathway. However, linear C1-incorporating pathways may require the use of complex 

cofactors for key enzymes, such as vitamin B12, ferredoxins, or rare metals 23–25. Across 
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pathways, efficient regeneration of energy sources and cofactors is needed to improve 

reaction productivity and reduce costs for C1 assimilation pathways 4,15,21. Novel 

approaches to reduce biocatalyst requirements and regulate metabolic activity will 

expand the potential of cell-free systems as a scalable platform for metabolic 

engineering. 

In this work, we demonstrate a platform for the carbon-conserving bioproduction 

of malate in a lysate-based CFE. Microbial bioproduction of the industrial di-acid malate 

requires re-routing flux through either the oxidative or reductive TCA (rTCA) cycle. The 

rTCA cycle represents the most carbon-efficient route, with a theoretical yield of 1 mol 

malate/mol pyruvate with an extra carbon coming from bicarbonate; compared to a 

theoretical yield of 0.5 mol malate/mol pyruvate through the oxidative TCA cycle, which 

features two decarboxylation steps 26. Microbial production through either pathway 

requires extensive genome engineering to introduce knockouts that will redirect 

metabolic flux towards malate accumulation. This often leads to cells that have 

significant growth defects, as the knocked out genes are typically involved in the TCA 

cycle or central carbon metabolism 26–28. Cell-free bioproduction has the potential to 

overcome these limitations by decoupling growth and bioproduction. Therefore, we 

sought to develop a cell-free platform for malate production through the carbon-efficient 

rTCA pathway. 

The presented pathway incorporates two carbon-fixation steps to generate the C4 

di-acid malate from the C2 precursor glycine and C1 inputs formate and bicarbonate 

(Figure 1). This system utilizes steps from both the formate assimilation pathway and 

reductive TCA cycle (rTCA). Recently, we have shown that the formate assimilation 
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pathway coupled with the reductive glycine pathway (rGCV) can be used to assimilate 

formate into glycine and serine 29. This has shown to be the most energetically efficient 

of the natural C1 fixing pathways 29. In the formate assimilation pathway, formate is first 

coupled with tetrahydrofolate (THF) to ultimately generate the one-carbon donor, 

5,10-methylenetetrahydrofolate (5,10-CH2-THF). Next, 5,10-CH2-THF transfers the C1 

to glycine to synthesize serine and recycle THF. Serine is then converted to pyruvate, 

where another CO2 equivalent is incorporated through pyruvate carboxylase (pyc) to 

generate oxaloacetate. Oxaloacetate is then reduced to malate via malate 

dehydrogenase (mdh) using NADH. We find that the expression of formate 

dehydrogenase (fdh) to regenerate NADH helps drive metabolic flux towards malate by 

maintaining a high concentration of reducing equivalents. 

Development of strategies to overcome limitations of lysate-based CFE 

metabolic engineering is crucial to the successful implementation of complex pathways. 

In TXTL systems, the optimal conditions for gene expression may not necessarily be 

optimal for biosynthesis. We separate the one-pot metabolic engineering platform into 

two parts by separating the cell-free protein synthesis reaction from the bioproduction 

reaction, allowing us to independently tune conditions for each process. By diluting 

protein synthesis reactions, we improve the volumetric efficiency of the bioproduction 

reaction and reduce the relative activity from endogenous enzymes in the lysate. We 

also show that metabolic flux from competing pathways can be blocked by the addition 

of small-molecule inhibitors directly to the bioproduction reaction. In addition to 

improving efficiency, this approach minimizes carbon loss through the TCA cycle without 

requiring engineering of the underlying strain. Together, these developments enable 

malate production from formate and glycine with a yield on glycine of 6.4% in an 
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eight-hour biosynthesis reaction. This work helps establish the capabilities of CFE as a 

platform for combined protein synthesis and metabolic engineering, enabling 

carbon-conserving bioproduction of platform chemicals. 

  

Results 

Metabolomics analysis of the endogenous metabolic activity of the CFE 

        ​ While the lysis and filtration steps in the preparation of CFE lysates remove bulky 

membrane proteins and genomic DNA, many native protein complexes are still present 

at high concentrations 30. We first sought to characterize the basal metabolic activity in 

the cell-free system by measuring the activity from endogenous enzymes in the system 

via targeted metabolomics. 

To understand the relative carbon flux as a result of the endogenous enzymes 

present in the cell-free lysate, we spiked 1 mM of pathway intermediates into otherwise 

empty, plain cell-free reactions and measured the presence of relevant compounds, 

including malate, pyruvate, fumarate, glyoxylate, and succinate, over time (Figure 2A). 

In these experiments, the “Plain CFE” reaction represents a cell-free reaction with no 

pathway intermediate spiked in. We found that, relative to a plain cell-free reaction with 

only water added, CFE with 1 mM malate spiked in accumulated high concentrations of 

fumarate, glyoxylate, succinate, and pyruvate (Figure 2B, 2C), indicating that TCA 

enzymes are highly active in the cell-free lysate. We found that malate was rapidly 

converted to other TCA intermediates. In eight hours, a molar ratio of roughly 1:1:4:4 

(fumarate:succinate:glyoxylate:pyruvate) was achieved. Additionally, there is a high 

interconversion between pyruvate and malate, as shown by the reactions spiked with 
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either compound having significant flux towards the other. With the addition of 1mM 

glycine, serine concentrations stay roughly constant at 25 μM (Figure 2C). In contrast, 

spiking 1mM serine leads to a rapid accumulation of glycine, reaching 485 μM, or 48.5% 

conversion, after 8 hours. A thermodynamic analysis using Equilibrator indicated that 

glycine is more energetically favorable than serine (ΔG = +6.7 kJ/mol) 31, which may 

explain the larger flux towards glycine (Figure S1). Qualitatively, the observation that 

spiking in serine leads to large amounts of glycine, while spiking in glycine leads to 

modest amounts of serine, (Figure 2C) agrees with the thermodynamic analysis. The 

decreasing concentrations seen for malate and glycine early in the reaction (Figure 2C) 

may be due to an initial surge in production that happens rapidly and is captured at the 

zero time point, which cannot be a true zero time point due to limitations in the time 

required for sample preparation (roughly 5-10 minutes). Therefore, the concentration of 

these metabolites likely increases rapidly before the first reading, then decreases 

slowly. It is also worth noting that the thermodynamic predictions given in Figure S1 

assume equimolar concentrations of all chemical species in the reaction, which is not 

the case in a spiked-in reaction. Additionally, the activity of enzymes carrying out these 

conversions may be affected in an in vitro cell-free system 22, which could lead to 

behaviors that do not agree with thermodynamic predictions. These results highlight the 

large effects of the endogenous proteome on metabolite levels in lysate-based cell-free 

systems. For efficient bioproduction, strategies will be needed to counteract these 

effects. 

  

Malate synthesis from the reductive TCA cycle 
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To engineer a carbon-efficient pathway for malate bioproduction, we began 

prototyping malate biosynthesis from the TCA cycle precursors oxaloacetate and 

pyruvate. We collected time-resolved measurements of malate production with cell-free 

expression of E. coli malate dehydrogenase (mdh) expressed from plasmid DNA with 

the p70 promoter. We found that in the case where mdh was overexpressed (+mdh), 

malate accumulated rapidly, achieving over 100% conversion within 10 minutes (Figure 

S2A). Malate concentrations then rapidly decrease and reach baseline levels by 24 

hours after the reaction start time in the +mdh condition. In the reaction without mdh 

overexpression (-mdh), we observed a gradual increase in malate levels over time 

(Figure S2A). The difference between the +mdh and -mdh samples may be a result of 

the changes in reaction thermodynamics driven by differences in metabolite 

concentrations 32. The +mdh reaction will have higher amounts of NAD+ and malate 

early in the reaction due to the higher concentration of the mdh enzyme. This, in turn, 

could drive the mdh reaction in the oxidative direction and into the TCA cycle. It is worth 

noting that physiologically, the mdh reaction tends to run in the oxidative direction, 

despite the favorable thermodynamics for the reductive direction (Figure S2B) 33. This 

pull towards oxaloacetate would result in a decrease in malate titers over time. High 

initial concentrations of malate could also have driven flux through the reversible 

fumarase enzyme, leading to a decrease in malate. Thermodynamic analysis predicts 

that the fumarase reaction prefers the formation of fumarate when malate 

concentrations are roughly 10-fold higher than fumarate (ΔG = -2.3 kJ/mol) (Figure 

S2B). 
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Given that the CFE still maintains endogenous copies of TCA enzymes, the -mdh 

reaction may still be producing malate through the reductive mdh reaction, but at a 

slower rate than the +mdh reaction (as the reaction rate should be proportional to the 

enzyme concentration). Additionally, conversion of oxaloacetate to citrate is strongly 

favored thermodynamically (ΔG = -38.8 kJ/mol) (Figure S2B), which could also lead to 

malate production via the oxidative TCA cycle in the case where mdh is not 

overexpressed. 

We then questioned if coupling malate synthesis with in situ NADH regeneration 

would allow us to continuously drive flux towards malate in our CFE. To favor mdh 

towards malate, we incorporated a NADH regeneration system based on a previously 

reported formate dehydrogenase (fdh) mutant from Starkeya novella 34. fdh can 

regenerate NADH and CO2 from formate and NAD+. Addition of NAD+ and formate to 

CFE with fdh expressed resulted in near complete conversion of NAD+ to NADH (Figure 

3A). We then found that upon addition of NADH and excess formate to reactions that 

had co-expressed mdh and fdh, malate concentrations were stable at 1000 μM, 

representing full conversion efficiency, up to 24 hours (Figure 3A). 

When mdh plasmid was omitted from the CFE, malate concentrations increased 

slowly over the reaction lifetime rather than accumulating quickly (Figure S2). This is 

likely due to the presence of endogenous enzymes in the lysate that can natively 

produce malate. A proteomic analysis of E. coli cell-free lysate found that mdh and other 

TCA enzymes are among the most abundant enzymes in cell-free 30 (Figure S3), 

supporting this hypothesis. Therefore, we questioned whether additional dilution of the 
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cell-free reaction following protein expression could improve the pathway-dependent 

production of malate by minimizing the effects of competing endogenous enzymes. 

We tested three different dilutions of the CFE: 10 (our standard dilution factor), 

50, and 200-fold. We found that the 200-fold dilution condition accumulated more 

malate than the other conditions when mdh was expressed (Figure S4). The most likely 

explanation for the differences in malate production across the different dilution factors 

is that dilution of the cell-free lysate is more disruptive to the activity of competing TCA 

enzymes than it is to the overexpressed mdh. Dilution of the cell-free lysate results in 

the concentration of substrates and cofactors falling below relevant levels for competing 

enzymes with similar kinetic values. For example, citrate synthase (CS) has a similar 

reported Km for oxaloacetate as malate dehydrogenase (30 and 40 µM, respectively) 

35,36. However, CS requires acetyl-CoA as a substrate which would be present in 

concentrations far below the Km in the more dilute samples. NADH and ATP also serve 

as allosteric inhibitors of CS 37. In the diluted reactions, the concentrations of NADH and 

ATP become much higher than the concentration of the CS enzyme, which would lead 

to a higher percentage of CS enzymes being bound and inhibited. Additionally, the 

dilution of the CFE may disrupt metabolon formation between TCA enzymes that 

accelerate malate loss 38.  We also found that the 200-fold dilution accumulated less 

malate than the other dilutions when mdh was not expressed (Figure S4), suggesting 

the activity of native mdh has also fallen below relevant levels in those conditions. 

Oxaloacetate, the direct C4 precursor of malate in our pathway, can be generated from 

C3 pyruvate and CO2 using the enzyme pyruvate carboxylase (pyc) from Rhizobium etli. 

The pyc enzyme is a large enzyme complex made up of three distinct domains: the 

132 



 

ATP-consuming biotin carboxylase, carboxyltransferase, and biotin carboxyl carrier 

protein (BCCP) domain 39. We coupled the pyruvate carboxylase reaction with mdh and 

fdh to produce malate from the C3 precursor, pyruvate (Figure 3B). However, when we 

tested pyc activity from a 10-fold diluted CFE reaction, we observed no differential 

malate production in the conditions with and without pyc, with both conditions producing 

roughly 300 μM after four hours (Figure 3C, S5). These results suggested that the 

engineered pathway may be outcompeted by the native carbon-catabolizing oxidative 

branch of the TCA cycle. 

We hypothesized that oxaloacetate and pyruvate may be incorporated into the 

oxidative TCA cycle before being converted to malate by the heterologous pathway.  

Oxaloacetate and acetyl-CoA could be diverted into the endogenous oxidative TCA 

cycle by the enzyme citrate synthase, which is native to the lysate. The pyc-containing 

reactions are supplemented with acetyl-CoA, an allosteric activator shown to be 

essential for pyc activity 40. We hypothesized that greater dilutions of the CFE may 

improve flux through our engineered pathway, as pyruvate carboxylase has a lower 

reported dissociation constant for acetyl-CoA than that of citrate synthase 36,40. In the 

10-fold diluted CFE condition, we did not see pyc-dependent malate production above 

the baseline levels generated by the endogenous lysate enzymes. In the 200-fold 

dilution condition, we observed increased pyc-dependent malate production compared 

to the baseline in the first hour of the reaction (Figure S5), but after four hours the 

accumulated malate completely disappeared from both reactions (Figure 3C). The large 

spike in malate may be due to an excess of NADH initially present in the system that 

drives flux in the reductive direction of mdh. From kinetic data, we found that titers of the 
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TCA cycle intermediates citrate and succinate increase over time in the reactions 

containing pyc, suggesting that the malate initially produced is converted to these 

compounds (Figure 3B, S5B, S5C). Based on our previous thermodynamic analysis 

(Figure S2), malate may be converted back to oxaloacetate, where oxaloacetate is then 

diverted into the oxidative TCA cycle by the citrate synthase enzyme. 

  

Blocking TCA flux to improve pathway carbon-conservation 
To minimize the loss of carbon through the oxidative TCA cycle, we investigated 

both targeted chemical inhibition of citrate synthase and re-routing of flux through 

overexpression of the glyoxylate shunt enzymes. Hydroxycitrate (HCT) is a potent 

competitive inhibitor of citrate synthase and ATP citrate lyase due to its structural 

similarity to citrate 41. We tested the ability of HCT to improve flux through our 

engineered pathway by adding varying amounts of hydroxycitrate to cell-free reactions 

and measuring malate accumulation over time. In the highest HCT concentration tested 

(10 mM), we saw pyc-dependent accumulation of malate, reaching 212 ± 60 μM within 

four hours (Figure S5A). Additionally, we measured the change in CO2 concentrations 

in the headspace of our reactions, but found that this was not a reliable readout of 

reaction progress (Figure S6). 

In the reactions containing HCT, we also found that concentrations of citrate and 

succinate remain constant relative to reactions with no pathway expressed (Figure 

S5B, S5C), suggesting that flux through the oxidative TCA cycle is being reduced 

effectively.  Additionally, we observed accumulation of acetyl-CoA in the condition with 

the highest HCT concentration, implying that citrate synthase inhibition can prevent 

oxaloacetate consumption via the TCA cycle in cell-free reactions (Figure S7A). When 
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combined, 200-fold dilution of the lysate and HCT inhibition lowered the background 

activity over 6-fold and improved pathway-dependent malate production 2.5-fold 

compared to 10-fold diluted reactions without TCA cycle inhibitor (p < .05) (Figure 3C) 

(Table 1). In the conditions with 200-fold dilution and HCT inhibition, we see high 

concentrations of citrate that do not change depending on the presence of the pathway, 

indicating that the TCA cycle is blocked at this point (Figure S7B). Additionally, we see 

no changes in succinate across any of the diluted conditions, suggesting that activity 

through the oxidative TCA cycle is low (Figure S7B). Therefore, we believe that malate 

production via the oxidative TCA cycle, and therefore CO2 loss through the TCA cycle, 

are low. 

As a second strategy for minimizing carbon loss, we tested whether 

overexpression of the glyoxylate shunt enzymes could redirect oxaloacetate flux that 

enters the TCA cycle towards malate. The glyoxylate shunt consists of two enzymes, 

isocitrate lyase (ICL) and malate synthase (MS), to convert isocitrate and acetyl-CoA to 

succinate and malate without loss of any carbon 44. We first confirmed that both 

enzymes in the glyoxylate shunt were active when fed with their respective substrates 

(Figure S8A, S8B). We then expressed the glyoxylate shunt genes along with the rTCA 

pathway. Here, we found that the malate produced when starting from pyruvate was 

lower with the glyoxylate shunt than without (Figure S8C). This may be due to the 

limited gene expression capacity of the cell-free system, or due to competition for 

acetyl-CoA between pyruvate carboxylase, which uses acetyl-CoA as an allosteric 

activator, and malate synthase. Based on these results, the glyoxylate shunt enzymes 

were not utilized in any of the studies described in the following sections. 
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Balancing cofactor and expression requirements to construct multi-enzyme pathways 
In the previous section, we showed that inhibiting citrate synthase effectively 

blocked TCA flux, allowing malate to be produced from pyruvate through the 

carbon-conserving rTCA pathway. To explore approaches for producing malate from 

simpler substrates, we aimed to extend our pathway to start from serine, which can be 

synthesized from the C2 substrate glycine and the C1 substrate formate via the rGCV 

pathway. Yu and Liao previously showed that serine can be efficiently converted into 

pyruvate through the heterologous expression of serine dehydratase (sda) in E. coli 45.  

We screened several isoforms of the sda enzyme from a variety of prokaryotic 

organisms in our standard CFE conditions and observed no catalytic activity (Figure 

4A). As most prokaryotic isoforms of sda contain an oxygen-sensitive iron-sulfur cluster 

44,  we attempted to obtain enzyme function by supplementing iron and reducing agents, 

including dithiothreitol (DTT) and ascorbic acid at the time of expression. However, we 

still observed no clear activity from any of the sda isoforms screened (Figure 4A). 

We next tested the promiscuous serine to pyruvate conversion activity of a 

pyridoxal 5’-phosphate (PLP) dependent threonine dehydratase (tdcB) from E. coli 45. 

By adding exogenous serine into 200-fold diluted reactions, we were able to confirm 

serine-dependent tdcB activity, as tdcB expression produced 384 ± 101 μM pyruvate 

from 1 mM serine, compared to 65 ± 13 μM without tdcB expressed (Figure 4B).  In the 

10-fold diluted reaction condition, we did not observe differential production of pyruvate 

between the conditions with or without tdcB (Figure S9). Based on these results and 

those in the previous section, we employed the 200-fold dilution condition for all 

subsequent reactions. 
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Having demonstrated tdcB activity in a single-step transformation, we then 

integrated tdcB with the rTCA pathway to produce malate from serine. We measured 

malate production in four reaction conditions with and without tdcB and/or pyc, with all 

conditions containing mdh and fdh. At four hours, we saw no malate production across 

all conditions. However, we observed pyruvate accumulation in the conditions without 

pyc (Figure S10), suggesting pyc was effectively pulling pyruvate flux forward. By eight 

hours, malate titers reached 135 μM when both pyc and tdcB were expressed, 

compared to no malate accumulation in the conditions without both enzymes expressed 

(Figure 4C). 

In multi-enzyme cell-free systems, the use of enzymes with numerous cofactor 

requirements can reduce pathway efficiency and increase costs 11,46. Incorporation of 

ATP-regenerating systems in CFE can reduce cofactor requirements; however, we 

hypothesized that the addition of AMP as an allosteric activator for tdcB may interfere 

with ATP-dependent enzymes in the CFE 9,47. Therefore, we aimed to identify an 

alternative to tdcB that was insensitive to AMP regulation. From the literature, we 

extracted sequence motifs from tdcB known to interact with AMP 48. We then used 

multiple sequence alignment to choose other PLP-dependent enzymes that lacked 

these motifs and were predicted to be AMP-insensitive (Figure 4D, Methods S1) 49. 

From this screen, we selected a serine dehydratase (sds) variant from the soil-dwelling 

amoeba Dictyostelium discoideum to characterize in CFE 50. In the presence of AMP, 

the sds variant from D. discoideum produced similar levels of pyruvate as compared to 

tdcB from E. coli (Figure 4E). In reactions without AMP, sds achieved 100% conversion 

of serine to pyruvate after only four hours, while production from tdcB was 
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indistinguishable from the background (Figure 4E). We then tested the ability of each 

isoform to convert serine to malate via the rTCA cycle. Here, we found that sds resulted 

in 2-fold higher malate concentrations compared to tdcB in an eight hour reaction 

(Figure 4E). Based on these results, subsequent pathway engineering was done with 

sds in place of tdcB. 

  
Connecting the reductive TCA cycle to formate assimilation products 

In a fully integrated system for carbon-conserving malate production, the 

combined formate assimilation, rGCV, and rTCA pathways would fix 2 CO2 equivalents 

from formate and 2 from bicarbonate per malate produced. Glycine, the C2 product of 

the combined formate assimilation and rGCV pathways, can be converted to serine via 

the enzyme serine hydroxymethyltransferase (SHMT) encoded by the glyA gene from 

E. coli. glyA utilizes 5,10-CH2-THF as a C1 donor to assimilate a second 

formate-derived carbon into glycine (Figure 1). However, creating conditions for the 

rGCV pathway to run efficiently in the direction of glycine synthesis requires significant 

optimization of gene ratios and reaction tuning 51-55. In this section, we prototype glyA 

activity and estimate the efficiency of carbon incorporation into malate from glycine and 

2 CO2 equivalents, 1 from formate and 1 from bicarbonate. 

When fed with equimolar glycine and 5,10-CH2-THF, glyA converted 27% of the 

glycine into serine in four hours (269 ± 41 μM) in a 200-fold diluted cell-free reaction 

(Figure 5A). By incorporating glyA and sds with the rTCA genes, pathway-dependent 

malate production was observed directly from C2 glycine (Figure 5B, top). Individual 

starting metabolites (pyruvate, serine, and glycine), were fed to batch reactions to 

analyze the efficiency of malate production from each step of the pathway. From 

pyruvate, we saw 1075 ± 36 μM malate in the presence of the pathway and 578 ± 113 
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μM with no pathway (Figure 5B, left). When fed serine, the pathway produced 11-fold 

higher malate concentrations compared to the no-pathway control (273 ± 60 μM vs. 24 

± 8 μM)  (Figure 5B, left), suggesting the basal conversion of serine to pyruvate is low 

in CFE. From glycine, we saw 117 ± 6 μM malate produced with- and 62 ± 3 μM 

without- the pathway (Figure 5B, left). 

We estimated the amount of CO2 conserved in the engineered system using the 

pathway-dependent yield from the reactions fed with pyruvate. To calculate 

pathway-dependent yield, we took the difference in malate production with and without 

the engineered pathway. Then, to estimate conserved CO2, we assumed a fixed 

reaction stoichiometry between malate produced and CO2 equivalents conserved. 

Specifically, our calculations specify that for each pyruvate converted to malate, a 

maximum of 1 CO2 equivalent can be fixed from bicarbonate via rTCA, and a maximum 

of 2 CO2 
 equivalents can be released via the oxidative TCA cycle (Table 1). 

Given the pathway-dependent differences in malate titers measured above, we 

estimate that the engineered pathway conserved 497 μM of CO2 compared to the 

oxidative TCA cycle when feeding pyruvate. This represents 50% of the potential 

conservation, assuming all of the malate accumulated above basal levels is produced 

through the engineered rTCA cycle (Table 1).  The net result is that the introduction of 

the rTCA pathway increased malate yields by roughly two-fold (1075 vs. 578 μM 

malate) while reducing the estimated carbon loss as CO2 from the oxidative TCA cycle 

by 43% (0.66 vs. 1.2 mM CO2) (Figure 5B, right) (Table 1). Because the basal 

conversion of serine and glycine to malate from the endogenous lysate metabolism is 

low (Figure 5B, left), we expect that the reduction in carbon loss remains similar when 

extending the engineered pathway to start from intermediates upstream from pyruvate. 
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Importantly, these calculations are meant to represent the CO2 that is conserved relative 

to production through an un-engineered, plain cell-free system. Our system still contains 

many native CO2-releasing enzymes involved in the production of alcohols, fatty acids, 

and other secondary metabolites 30. Therefore, we focus our analysis specifically on the 

steps within the TCA cycle that are carbon-releasing or carbon-conserving. It is worth 

noting that previous work from other groups has shown that cell-free lysates can be 

further optimized to selectively downregulate or remove competing enzymes through 

heat inactivation, protein tagging, and CRISPR-based engineering 18, 19, 21, all of which 

would be viable strategies to avoid CO2 loss in an engineered lysate. 

Table 1: Carbon conservation for malate production through the rTCA 
pathway 
  Through TCA Through rTCA 
CO2/malate (mmol/mmol) 2 -1 
Malate yield (mmol/mmol) .58 .5 
Carbon loss from pyruvate 
(mmol/mmol) 

1.16 -.5 

Total carbon loss 
(mmol/mmol) 

1.16 1.16 - .5 = .66 

Carbon loss (% of 
maximum)   
Reduction in carbon loss 

 
Table 1: Carbon conserved through the rTCA pathway is calculated for the production 

of malate from pyruvate. Data is shown in Figure 5B. The calculations assume a fixed 

stoichiometry for the moles of CO2 released per mole of malate generated through either 

the TCA or rTCA cycles. 

  

Prototyping cofactor regeneration to enable malate synthesis from formate 
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To construct the complete pathway for the conversion of formate and glycine to 

malate, 7 cofactors are required (Figure 1), 4 of which are consumed during 

biosynthesis (ATP, NADPH, NADH, and THF).  In the previous section, we showed that 

glycine and 5,10-CH2-THF could be used to generate malate. In this section, we 

prototype the formate assimilation pathway for 5,10-CH2-THF regeneration to produce 

malate from glycine and formate directly. 5,10-CH2-THF can be generated from THF 

and formate in three enzymatic steps catalyzed by the ATP-dependent formate-THF 

ligase (ftl), methenyl-THF cyclohydrolase (fch), and the NADPH-dependent 

methylene-THF dehydrogenase (mtdA), all from M. extorquens 56 (Figure 6A, left). We 

previously saw that fdh-mediated regeneration of NADH was crucial for malate 

accumulation from the rTCA pathway.  Accordingly, we prototyped a polyphosphate 

kinase (ppk) ATP regeneration system and a NADPH regenerating system employing 

fdh mutants with engineered specificity towards NADPH to regenerate cofactors 

consumed by the formate assimilation pathway.   

To generate the biocompatible C1 donor 5,10-CH2-THF in situ, we coupled the 

reductive TCA module with the three-enzyme formate assimilation pathway. In total, this 

represents an eight-enzyme pathway for malate production, all directly expressed from 

DNA in a one-pot reaction. Previously, we have assimilated formate into glycine and 

serine using the formate fixing module from M. extorquens in combination with the 

reverse glycine cleavage complex 29. In this study, overexpression of the M.extorquens 

genes ftl, fch and mtdA for the formate assimilation pathway in the CFE improved 

5,10-CH2-THF accumulation 1.6-fold compared to lysate alone, reaching 178 ± 35 μM 

from  1 mM THF and 10 mM formate after four hours (Figure 6A). 

141 

https://www.zotero.org/google-docs/?kspSqV


 

To regenerate ATP, we first tested a polyphosphate kinase (ppk) from a 

previously published Erysipelotrichaceae bacterium 57 using inexpensive polyphosphate 

as a phosphate donor. The ppk used in this system is a Class III ppk2 enzyme, which 

has been shown to catalyze phosphorylation of both nucleoside mono- and 

di-phosphates 57. We found that, when expressing ppk in CFE, we could generate 742 ± 

3 μM ATP from 1000 µM AMP and 10 mM hexaphosphate in a four hour reaction 

(Figure S11). However, when we incorporated ppk along with the biosynthetic pathway 

for serine to malate conversion, we found that ATP regeneration did not improve titers 

over an eight hour reaction. Therefore, we concluded that ATP availability is not limiting 

flux through the rTCA pathway in these conditions (Figure S11). We tested ATP 

regeneration in the ATP-dependent formate assimilation pathway under standard 

conditions (1 mM ATP, 1 mM NADPH, 1 mM THF) and found that 5,10-CH2-THF 

accumulation was abolished, despite the ATP regeneration system itself remaining 

functional (Figure S11). This result indicates that the ATP regeneration system 

introduces pathway incompatibilities in our system, and so it was excluded in future 

experiments. 

To regenerate NADPH consumed by mtdA during formate assimilation, we tested 

two NADPH-selective fdh variants for orthogonal NADH and NADPH regeneration in 

situ. Disappointingly, we were not able to see NADPH accumulation in reactions fed 

with 1 mM NADP+ after screening variants from A. thaliana and Candida methylica 

(Figure S12) 58,59. This may be due to poor expression or low activity of these enzymes, 

resulting in them not being able to compensate for native NADPH consumption in the 

lysate. Thus, our final reaction set-up for cell-free malate production consisted of the 
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eight-enzyme system integrating rTCA, formate assimilation, and NADH regeneration 

(Figures 1A and 6B). 

We applied the formate assimilation pathway for 5,10-CH2-THF regeneration to 

produce malate from C2 glycine and the C1 compounds formate and bicarbonate 

directly. We co-expressed the formate assimilation module with the rTCA cycle and fdh 

for NADH regeneration. Reactions fed with 10 mM formate, 10 mM bicarbonate, 1 mM 

THF, and 1 mM glycine produced 64 ± 37 μM of malate in an eight-hour reaction 

(Figure 6B), which is about half of the malate produced from 1 mM 5,10-CH2-THF fed in 

directly with 1 mM glycine (117 ± 6 μM) (Figure 5B). This decrease in malate production 

is likely due to low efficiency through the formate assimilation pathway. Conversion of 

THF to 5,10-CH2-THF through the formate assimilation pathway proceeded with only 

18% conversion efficiency after four hours (Figure 6A). Therefore, less 5,10-CH2-THF 

was available as a substrate for glyA, which, in turn, led to decreased malate 

production. The reactions coupling formate assimilation, rTCA cycle and fdh also 

produced 67 ± 13 μM succinate and .47 ± .14 mM citrate as side products (Figure S13). 

With 2 CO2 equivalents fixed per malate produced, integrating the formate assimilation 

pathway with the rTCA cycle process enabled incorporation of 0.13 moles of CO2 

equivalents per mole of glycine fed. 

  

Techno-economic analysis of cell-free bioproduction of malate 
Despite a number of recent successes of large-scale cell-free biomanufacturing 

60-62, there remains a perception that the commercial realization of CFE as a metabolic 

engineering platform is necessarily limited by the costs of catalyst preparation and 

chemical requirements. To evaluate the economic feasibility of industrializing cell-free 
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bioproduction, we used our platform for malate bioproduction from formate, bicarbonate, 

and glycine as a basis for performing techno-economic analysis (TEA). TEA is a 

valuable tool to provide insights into the challenges and opportunities to reduce costs 

associated with bioproduction. 

The use of low-cost feedstocks and cofactor regeneration systems will be crucial 

to achieving economically competitive cell-free metabolic engineering 11. In our previous 

work, we have shown that glycine and serine can be produced using cell-free based 

biocatalysts solely from formate through the rGCV pathway with a yield on formate of up 

to 30% 29. In this work, we showed malate production from serine with a yield of 27% 

(Figure 5B). With further optimization, it should be possible to integrate the rGCV and 

rTCA pathways in CFE and enable malate production from formate directly. Therefore, 

our TEA assumes that malate can be produced using formate and bicarbonate as the 

primary feedstocks, with 20% conversion efficiency of formate as the base assumption. 

Additionally, we demonstrate that enzymatic recycling of NADH and THF can be used to 

reduce the need for exogenous cofactors; and thus our TEA assumes a continuous 

process with the ability to regenerate crucial cofactors in situ. 

The chemical process block diagram is given in Figure 7A and base case 

assumptions are defined in Table S2. Our TEA uses the “nth” plant assumption, which 

assumes that similar plants have already been established and therefore does not 

account for excess costs associated with a first-time process (Methods S2). The TEA 

revealed that malate produced from formate via a cell-free process could reach a 

minimum selling price (MSP) of $9.6/kg with the given assumptions (Figure 7B, Table 

S3, Methods S2). This price is only 5.4-fold higher than the current market price for 
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fossil-fuel derived malate ($1.8/kg) 63, suggesting that further technological 

improvements could result in cost-competitive bioproduction. Additionally, we 

considered the case where formate and glycine are co-utilized as inputs for the cell-free 

production of malate. In this case, our analysis showed that the cost of malate 

production only increased by 8%, up to $10.4/kg (Figure 7B). 

We found that operating costs, specifically the cell-free reagent price, are the 

most significant cost drivers (Figure 7B). Process costs of bioproduction can help be 

offset by co-purifying and selling valuable co-products. In our system, we saw 

consistent accumulation of succinate and citrate (Figure S13), organic acids with large 

defined markets. Therefore, our analysis calculates the MSP of malate by summing the 

input costs and subtracting the price of the sellable co-products (Figure 7B). The cost 

of the cell-free lysate at $120/L11 accounts for nearly 100% of the process costs, with 

feedstock accounting for roughly 10% of the total cost (Figure 7B). This is in stark 

contrast to traditional cell-based bioproduction platforms, in which feedstock costs 

account for up to 60% of total costs 65.  

Cell-free systems have the potential for near-stoichiometric conversions due to 

the high control over reaction conditions. Therefore, improving conversion efficiency is a 

promising strategy to help CFE reach economic viability in coming years. Our 

experimental results indicated that there is substantial diversion of pyruvate to other 

metabolites (Figure 2), suggesting that conversion efficiencies and the MSP could be 

improved through lysate engineering and reaction optimization to reduce loss of carbon 

through competing pathways. Our analysis shows that improving conversion efficiency 
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of this proof-of-concept system to 95% would be needed to enable a competitive MSP 

(Figure 7C). 

Beyond optimizing cell-free reaction conditions, improvements in other technical 

areas will be crucial to lower costs associated with cell-free metabolic engineering and 

bioproduction from renewable formate. Cell-free lysate preparation is a major driver of 

the cost for cell-free bioproduction. We found that reducing the cost of lysate 

preparation from $120/L to $25/L alone could reduce the MSP of malate to $2.0/kg 

(Figure 7C), making it competitive with petroleum-derived production. As the price of 

labor is the primary cost-driver of cell-free preparation, scaling its production could help 

reduce associated costs 12. The efficiency of electrochemical CO2 conversion to formate 

is expected to increase by up to 50% in coming years 66,67, which could further reduce 

the production cost of malate to $2.1/kg (Figure 7C). Metabolic engineering efforts to 

produce higher value compounds, such as fatty acids derived from acetyl-CoA or other 

organic acid derivatives, would also permit a higher MSP. While not economically 

competitive in its current state, this TEA shows promise for the sustainable production 

of platform chemicals using CFE. 

  

Discussion 

The use of formate and other renewable C1 feedstocks has great potential for 

sustainable and low-cost bioproduction of commodity chemicals 1,7,66,68. Here, we 

demonstrate production of the central TCA metabolite, malate, using an “off-the-shelf” 

CFE without additional genetic engineering. These are widely accessible through 

commercial vendors and have been broadly adopted for genetic circuit engineering and 

enzyme overexpression and prototyping 69-72. While there are many examples of malate 
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production in microbial systems via the rTCA cycle, these typically still utilize refined 

glucose as a feedstock and introduce significant growth defects to the engineered strain 

26,73,74. Additionally, naturally C1-assimilating organisms tend to be difficult to engineer 

and are limited in their uptake and incorporation of C1 feedstocks 7. In this work, we use 

unique aspects of CFE to enable carbon-conserving production of the industrial di-acid 

malate that would be very difficult to achieve in microbial cell-based fermentation. 

Specifically, we were able to 1) minimize background reactions by diluting the CFE, 2) 

minimize flux through carbon-inefficient oxidative TCA with no strain engineering by 

introducing chemical inhibitors, and 3) overcome cellular transport limitations to utilize 

formate as a substrate by using CFE. Collectively, these aspects of CFE allowed us to 

redirect flux, minimize background reactions, and maintain stable titers of malate while 

conserving 43% of the carbon that would have been otherwise lost via the TCA cycle. 

The approaches developed in this work should be widely applicable to metabolic 

engineering efforts for other small molecules in CFE. This work establishes a 

benchmark for the potential of CFE for carbon-conserving prototyping and metabolic 

engineering. 

Decoupled enzyme expression and bioconversion is not a new idea to the field of 

bioproduction 75. For cell-based fermentation, this often involves growing the cells to a 

sufficient biomass before inducing heterologous protein expression and bioconversion. 

Traditionally, purified enzyme systems have decoupled these stages by separate 

expression and enrichment of individual enzymes before combining biocatalysts and 

chemicals for bioconversion 14,15,52. By contrast, we achieve decoupling in a one-pot 

reaction mixture, in which all enzymes are expressed from DNA in a single reaction 
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before being combined with substrates and cofactors. Additionally, our lysate-based 

cell-free reaction operates efficiently with roughly 100-fold less enzyme than 

comparable in vitro systems 14–16 (Table 1). 

While one-pot enzyme expression and bioconversion reduces process 

complexities, it faces the challenge of competition from endogenous enzymes left in the 

CFE. Enzymes from the TCA cycle have been shown to be highly active in lysates 

prepared from E. coli 76, creating a challenge for efficiently routing carbon flux into 

desired products. This represents a challenge for efficient cell-free bioproduction, as the 

TCA cycle is the major source of carbon loss in E. coli, typically accounting for over 

50% of all CO2 loss in the cell 77. By utilizing the reductive TCA cycle, one CO2 

equivalent is incorporated per malate produced from pyruvate. By avoiding 

decarboxylations through the oxidative TCA cycle, an additional 2 mol CO2/mol malate 

is conserved. Starting from pyruvate, our system reduced carbon loss through the TCA 

cycle by an estimated 43% compared to malate that was produced by the endogenous 

metabolism of the lysate (Table 1, Figure 5B). We also show that an additional CO2 

equivalent can be incorporated into malate via formate and glycine by integrating the 

formate assimilation pathway with the reductive TCA cycle. 

Crucial to these accomplishments were the findings that CFE can be diluted 

following protein expression and that inexpensive inhibitors added directly to reactions 

to reduce competition from residual enzymes present in the lysate. Specifically, we 

found that the inhibition of citrate synthase following CFE dilution improved our malate 

titers 14-fold in a four hour reaction (Figure S5). Dilution of the CFE presents an 

efficient method to reduce the effect of endogenous enzymes and study engineered 
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pathways that would not be possible in a microbial system. Direct addition of inhibitors 

into a bioproduction reaction would also likely not be feasible in a microbial host, as the 

inhibitor may introduce toxicity or be limited in its uptake through the cell membrane. 

Together, these interventions improved pathway-dependent bioproduction and reduced 

loss of carbon through CO2.  

The utility of CFE for rapid prototyping and optimization of in vivo metabolic 

engineering programs has been demonstrated widely 69,70,78. The development of CFE 

as a metabolic engineering platform for carbon-conserving biosynthesis, however, faces 

many systems-level challenges. For one, the utility of cell-free reactions has been 

limited by the inability to regenerate necessary cofactors and the loss of activity from 

pathway enzymes. In our system, we found that malate accumulation could be 

extended up to 24 hours, compared to 30 minutes, by diluting the CFE following gene 

expression and regenerating NADH to drive flux towards malate (Figure 2A). However, 

we found that malate titers peaked at 10 hours when starting from serine, and then 

decreased until reaching baseline levels (Figure S10), suggesting that the engineered 

pathway had lost function, or that the produced malate is siphoned off to other reactions 

in the cell lysate. We also found that in situ ATP regeneration did not improve malate 

yields in our system (Figure S11), although efficient regeneration of ATP may be 

necessary to drive flux in other engineered pathways. Broadly, ATP regeneration 

systems are well studied for cell-free gene expression 79-81, while the development of 

generalizable, cost-effective regeneration systems applicable to biosynthetic pathways 

are still needed 11,82. Traditionally, in vitro reactions have relied on supplementing 

purified enzymes and cofactors throughout the reaction to extend lifetimes 14,15. Notably, 
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our system reaches comparable reaction lifetimes to previous in vitro systems without 

the supplementation of additional enzymes and cofactors. Generalizable strategies to 

improve enzyme stability and regenerate cofactors in situ will greatly reduce the barriers 

to achieving cell-free bioproduction at scale. 

Other considerations to optimize engineered pathways in CFE are the balancing 

of cofactor compatibilities, reaction conditions, and enzyme activities, among other 

parameters 8,18,83. As the number of steps in an engineered pathway increases, 

incompatibilities with respect to cofactor and reaction condition requirements can often 

arise 15,17,45. In this work, we found that rational screening of enzyme isoforms could help 

alleviate pathway incompatibilities to construct larger pathways (Figure 4D, 4E). 

Additionally, some degree of reaction screening in different buffers and DNA template 

ratios was necessary to construct our eight-enzyme pathway (Figures S14-S17). The 

performance of this system with minimal optimization demonstrates the high potential 

for carbon-conserving pathway engineering with high efficiency in CFE. A much more 

exhaustive and systematic survey of reaction conditions would be necessary to truly 

optimize the pathway performance. While the high dimensionality of the design space 

makes predicting optimal conditions a priori difficult, model-driven engineering may help 

bridge experimentation and machine learning to accelerate systems-level optimization 

of bioproduction platforms 84–86. Furthermore, the incorporation of isotope labeling 

experiments along with mechanistic and machine learning models would greatly 

advance our understanding of carbon utilization and the behavior of complex enzyme 

networks in cell-free systems.    
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For our base case TEA analysis, we assumed 100% cofactor recycling, which 

otherwise accounts for 97% of the cost for a bench-top scale CFE conversion of formate 

to serine 29. Significant improvements in cofactor regeneration will be needed to be able 

to negate such large costs. The drop in malate concentrations after 10 hours (Figure 

S10) signifies the need for additional product removal unit operations for a successful 

transition from batch production to a continuous production modelled in our TEA 

analysis. Taking these caveats into account, our work demonstrates an innovative 

carbon-conserving alternative for large scale bioproduction of malic acid. 

The global malic acid market is estimated to be around 100,000 metric tons 

annually, produced almost entirely from petrochemicals 87. Cell-free production of malate 

using electrochemically generated formate has the potential to reach a higher carbon 

efficiency than microbial production, which has failed to achieve commercial scale to 

date. Less than 10% of all CO2 waste streams generated by U.S. bioethanol plants 

would be needed to satisfy the global malic acid market, assuming just a 5% yield on 

formate 90. In turn, this would avoid roughly 400,000 tons of CO2 emissions annually 

associated with traditional synthesis 91. Our work demonstrates construction of carbon 

negative pathways by assimilation of formate and bicarbonate, as well as carbon 

conservation steps in the rTCA cycle to produce central metabolites such as pyruvate 

and malate, which themselves can be a starting point for other metabolic pathways. Cell 

free biocatalysis allows metabolic pathways to be stitched together in a modular nature 

by addition of appropriate enzymes. Pyruvate, an intermediate in our engineered 

pathway, can be routed through acetyl-coA to produce a variety of commodity chemicals 

such as fatty acids, terpenes, alcohols or polymers 19, 82, 86. Given the rapid growth of the 
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field in recent years, cell-free bioproduction from renewable formate may soon be able 

to address key limitations of microbial fermentation and replace petroleum-based 

chemical production. 

 

Methods 

1. Plasmid Preparation 

Plasmids expressing pathway genes were cloned in E. coli NEB Turbo cells. All PCR 

amplification of genomic DNA used Phusion DNA polymerase. Primers were 

synthesized by IDT and gBlocks were synthesized by Twist Biosciences. Both primers 

and gBlocks were resuspended with nuclease-free water. Plasmid assembly was 

achieved using 5X In-Fusion HD mastermix (Takara). Assembled plasmids were plated 

onto LB-agar plates with 100 μg/mL carbenicillin. Transformed cells were grown 

overnight at 30 °C. Single colonies were picked from plates and grown overnight in LB 

shaking at 30 °C with 100 μg/mL carbenicillin. 

Plasmids were isolated from subcultures using a DNA miniprep kit (QIAprep Spin 

Miniprep Kit) and sequenced with Sanger (Genewiz inc.) or full-plasmid sequencing 

(Primordium) to verify correctly assembled plasmids. Plasmids were grown in culture 

volumes of ~100 mL to ensure adequate yields for multiple cell-free reactions. Plasmids 

were further purified using a PCR purification kit (Invitrogen PureLink, Cat. K310001) 

and eluted with nuclease-free water. Plasmid concentrations were quantified via 

spectrophotometry (Nanodrop 2000c, Cat. ND-2000C). 
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2. Cell-Free Protein Synthesis Reactions 

The cell-free system was acquired from Arbor Biosciences (myTXTL). The cell-free 

system used for an experiment was thawed on ice and pooled into a 1.5 ml Eppendorf 

tube, vortexed, and spun-down using a mini benchtop centrifuge to ensure homogeneity 

across samples. For reactions containing three or fewer genes, reactions were 

assembled on ice from the CFE, purified DNA, and necessary cofactors. The CFE was 

pipette mixed and added to each PCR tube in 7.5 μL for a final volume of 10 μL. These 

PCR tubes were incubated overnight at 30C. For reactions involving more than three 

genes, plasmids and cofactors were mixed with an acoustic liquid handler robot (Echo 

Labcyte 525) into Labcyte 384-well destination plates (001-14555). The 384-well plates 

were then incubated at 30°C overnight. 

3. Cell-Free Bioproduction Reactions 

Cell-free bioproduction reactions were mixed in 25 μL containing 2.5 μL of 

CFE-expressed enzymes. CFE-expressed enzymes were diluted in 10 mM Tris pH 8 

prior to adding if they were diluted beyond 10-fold in the final reaction. Bioproduction 

reactions were done in 50 mM HEPES pH 8. For reactions containing three or fewer 

enzymes, reactions were assembled by hand from the CFE-expressed enzymes and 

necessary substrates and cofactors. Detailed information about sample preparation can 

be found in Methods S3. For reactions involving more than three enzymes, enzymes 

and chemicals were mixed with an acoustic liquid handler robot (Echo Labcyte 525) into 

96-well V-bottom plates (Costar, Cat. 3363). The plates were sealed with a foil adhesive 

(Thermo, AB0626) and the reactions were run for 4 - 8 hours at room temperature. In 
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general, reactions containing three or fewer enzymes were run for four hours, while 

larger reactions were run for eight hours. This is due largely to the slow reaction 

progress of the pyc enzyme, which led to us allowing longer reactions when using pyc 

as an intermediate step. At the end of the reaction, samples were quenched with 2 

volumes of acetonitrile to denature proteins. The entire sample volume was then filtered 

using 96-well .2 µm Supor membrane plates (Cytiva: 8019) and spun for 15 min at max 

speed. Samples were then either analyzed via LC/MS or stored at -20C until ready for 

analysis. 

  
4. Metabolite quantification with LC/MS 

Samples were analyzed via Agilent 6530 LC/Q-TOF in negative mode using a BEH 

Amide 50 mm column (Waters, 186004800). Standard curves were prepared by spiking 

known amounts of metabolites into diluted CFE and HEPES. For LC/MS, the aqueous 

phase was LC/MS grade water and the organic phase was 95/5 acetonitrile/water with 

10mM ammonium acetate and .04% v/v ammonium hydroxide. The % aqueous/organic 

gradient was run as follows: hold at 5/95 for 2.5 minutes, move to 33.5/66.5 over 5 

minutes, 40/60 over 1 minute, hold 40/60 for 1 minute, then return to 5/95 over 1 

minute. The flow rate was held at 0.5 mL/min. 

5. Statistics 

Statistical significance was calculated using two-tailed unpaired Welch’s t-tests. 

Asterisks in Figures indicate a statistically significant difference (∗: p-value < 0.05, ∗∗: 

p-value < 0.005).  
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Figure 1. Overview of the E. coli-based cell-free system for malate production 

A.​ Pathway diagram for conversion of formate and glycine into malate. Formate is 

incorporated into glycine to form serine via the four-step formate assimilation 

pathway. Serine is then converted to malate via the three-step reductive TCA 

cycle. High NADH concentrations are maintained by in situ regeneration from fdh 

to bias mdh flux towards malate. 

Gene abbreviations: ftl, formate-tetrahydrofolate ligase; fch, methenyltetrahydrofolate 

cyclohydrolase; mtdA, methylenetetrahydrofolate dehydrogenase (NADP+); glyA, 

glycine hydroxymethyltransferase; sds, serine dehydratase; pyc, pyruvate carboxylase; 

mdh, malate dehydrogenase; fdh, formate dehydrogenase. 

Metabolite abbreviations: THF, tetrahydrofolate; 5,10-THF, 5,10-methylene 

tetrahydrofolate; GLY, glycine; SER, serine; PYR, pyruvate; OXA, oxaloacetate; MAL, 

malate; SUC, succinate; ICT, isocitrate; CIT, citrate; GLX, glyoxylate; FUM, fumarate; 

Ac-CoA, acetyl-CoA. 

 

 

156 



 

 

157 



 

 

158 



 

Figure 2. Analyzing the endogenous proteome of E. coli lysate-based CFE 

A.​ CFE reactions are set up with no genes expressed. Following overnight 

incubation, reactions are diluted 200-fold before pathway metabolites are added 

or excluded (“Plain CFE”). Metabolite concentrations are analyzed over eight 

hours. 

B.​ Flux through different TCA metabolites are traced over time for CFE reactions 

with or without malate added. Fumarate, succinate, and glyoxylate are shown as 

malate-derived metabolites with high flux. 

C.​ Interconversion of pathway metabolites is measured to understand the activity of 

endogenous enzymes in the system. For reactions with malate or pyruvate 

added, both malate and pyruvate are measured. For reactions with serine or 

glycine added, both serine and glycine are measured. 

For all panels, values represent the mean ± standard deviation of two technical 

replicates.  
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Figure 3. Optimization of the reductive TCA cycle 

A.​ High malate levels are maintained by co-expression of fdh and mdh. 

Oxaloacetate is reduced to malate via mdh using NADH as the reducing 

equivalent. NADH can be regenerated from NAD+ and formate by fdh to maintain 

flux towards malate and prevent the reverse reaction of mdh. Left: NADH 

concentrations in reactions containing 1 mM NAD+, 10 mM formate, and CFE 

either with or without 5 nM fdh expression. Values represent the mean ± standard 

deviation of two technical replicates. Right: Malate concentrations in reactions 

containing 1 mM NADH, 1 mM oxaloacetate, and CFE with either 5 nM each of 

mdh and fdh or just mdh. Values shown represent one technical replicate. 

B.​ pyc expression results in diversion of oxaloacetate flux to TCA intermediates. 

Top: Oxaloacetate and acetyl-CoA, an allosteric activator for pyc, can be fed into 

the TCA cycle via the irreversible citrate synthase (CS) enzyme. Entry into TCA 

can be inhibited by addition of the small molecule CS inhibitor, hydroxycitrate 

(HCT). Citrate (bottom, left) and succinate (bottom, right) concentrations are 

shown over time for reactions with or without pyruvate carboxylase (pyc) 

expressed. All reactions are diluted 200-fold for biosynthesis. Reactions contain 

1 mM pyruvate, 10 mM HCO3
-, 1 mM ATP, 2 mM Mg(CH₃COO)₂, 1 mM 

acetyl-CoA, 100 µM biotin, 1 mM NADH, and 10 mM formate. - pyc reactions 

express 1 nM of mdh and fdh, + pyc reactions also express 5 nM of pyc. Values 

shown represent one technical replicate. 
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C.​ CFE dilution and TCA inhibition enables carbon-efficient malate production from 

pyruvate. pyc incorporates one CO2 equivalent into pyruvate to form oxaloacetate 

and requires ATP, Mg2+, biotin, and acetyl-CoA for activation. Malate 

concentrations are measured after four hours for reactions with different 

conditions. DNA for pathway enzymes, additional CFE dilution, and the inhibitor 

hydroxycitrate are changed between conditions. All reactions contain 1 mM 

pyruvate, 10 mM HCO3
-, 10 mM HCT, 1 mM acetyl-CoA, 100 µM biotin, 1 mM 

ATP, 2 mM Mg(CH3COO)2, 1 mM NADH, and 10 mM formate. Reactions contain 

CFE with or without 1 nM mdh, 1 nM fdh, and 5 nM pyc. Values represent the 

mean ± standard deviation of three technical replicates. 

For all panels, statistical significance was calculated using two-tailed unpaired 

Welch’s t-tests. Asterisks indicate a statistically significant difference (∗: 

p-value < 0.05, ∗∗: p-value < 0.005).  
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 Figure 4: Characterization of serine deaminase function in CFE 
A.​ Screening of iron-sulfur dependent serine deaminase (sda) variants in 

lysate-based CFE. Left: Isoforms from E. coli, B. subtilis, M. smegmatis, and L. 

pneuomophila were chosen from the literature based on favorable kinetic values 

and previous expression in E. coli. Right: Reaction conditions were screened to 

try to rescue activity of iron-sulfur enzymes in CFE. Iron was added to assist 

formation of the iron-sulfur cluster, and dithiothreitol or ascorbic acid were added 

to create a reducing environment. All genes were expressed at 5 nM and 

chemicals added at 500 µM. Values shown represent one technical replicate. 

B.​ Pyruvate production is enabled using a promiscuous threonine deaminase (tdcB) 

from E. coli. tdcB belongs to the class of PLP-utilizing deaminases, avoiding the 

need for iron-sulfur proteins. Pyruvate concentrations are shown for reactions 

either with or without serine and tdcB. All reactions contain 100 µM PLP and 1 

mM AMP. Values represent the mean ± standard deviation of three technical 

replicates.     

C.​ Serine is converted to malate using a four enzyme pathway in which tdcB 

converts serine to pyruvate, and pyruvate is carboxylated into oxaloacetate via 

pyc. Oxaloacetate is then reduced to malate by mdh, with cofactor regeneration 

from fdh to drive flux towards malate. Malate concentrations are shown for eight 

hour reactions containing combinations of tdcB and/or pyc, with all reactions 

containing fdh and mdh. Values represent the mean ± standard deviation of three 

technical replicates. 
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D.​ Identification of an isoform via comparative sequence analysis removes the need 

for additional cofactors and reduces pathway incompatibilities. AMP binding sites 

found for the tdcB enzyme from S. typhimurium are compared against the E. coli 

isoform sequence and the sds sequence. 

E.​ Comparison of sds and tdcB for production of pyruvate (left) and malate (right). 

Left: Use of the sds isoform shows improved pyruvate production relative to tdcB 

in the absence of AMP. Pyruvate concentrations are shown for four hour 

reactions containing 1 mM serine, 100 µM PLP, and either with or without 1 mM 

AMP. Values represent the mean ± standard deviation of two technical replicates. 

Right: Comparison of tdcB and sds for serine to malate conversion via the 

four-enzyme pathway. Data shown for tdcB and sds are reproduced from Figures 

4C and 5B, respectively. Values represent the mean ± standard deviation of three 

technical replicates. 

For all panels, statistical significance was calculated using two-tailed unpaired 

Welch’s t-tests. Asterisks indicate a statistically significant difference (∗: 

p-value < 0.05, ∗∗: p-value < 0.005).  
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Figure 5. Conversion of glycine to malate. 
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A.​ C1-incorporation into glycine, mediated by a THF intermediate. 

5,10-methylenetetrahydrofolate (5,10-CH2-THF) acts as a C1 donor to convert 

glycine and water into serine, transforming 5,10-CH2-THF back to THF in the 

process. This process is catalyzed by the PLP-dependent glyA enzyme. Serine 

concentrations are shown for reactions containing 1 mM glycine, 1 mM 

5,10-CH2-THF, 100 µM PLP in conditions with and without 5 nM glyA expression. 

Values represent the mean ± standard deviation of two technical replicates.     

B.​ Multi-enzyme pathway enables carbon-efficient malate production from glycine in 

CFE. The pathway consists of five enzymatic steps, including in situ NADH 

regeneration. Incorporated carbons are shown in the schematic in red. Left: 

Malate concentrations are shown for multi-step reactions with different starting 

compounds either with or without the pathway expressed. Right: CO2 conserved 

through the introduction of the rTCA pathway is shown for pyruvate to malate 

conversion. CO2 conserved is estimated using the pathway-dependent 

conversion and assuming a fixed reaction stoichiometry between malate 

produced and CO2 equivalents conserved. Pathway-dependent conversion 

represents the added conversion efficiency above the background level from the 

pathway enzymes. Our calculations assume that for each pyruvate converted to 

malate, a maximum of 1 CO2 equivalent can be fixed from bicarbonate via rTCA, 

and a maximum of 2 CO2 
 equivalents can be released via the oxidative TCA 

cycle. For both panels, reactions contain all necessary chemical cofactors for the 
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five-step pathway. Values represent the mean ± standard deviation of three 

technical replicates.     

For all panels, statistical significance was calculated using two-tailed unpaired 

Welch’s t-tests. Asterisks indicate a statistically significant difference (∗: 

p-value < 0.05, ∗∗: p-value < 0.005).  
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Figure 6. Regeneration of THF cofactor drives carbon-efficient malate production. 

A.​ Enzymatic pathway for formate assimilation into THF to form 5,10-CH2-THF. The 

pathway consists of three enzymes and utilizes one ATP and one NADPH 

equivalent. THF can be recycled back into 5,10-CH2-THF after C1 transfer to 

glycine. 5,10-CH2-THF concentration is shown for reactions fed with THF, 
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formate, NADPH, and ATP. Reactions contain CFE either with or without the 

formate assimilation pathway. Values represent the mean ± standard deviation of 

three technical replicates.     

B.​ Carbon-efficient cell-free conversion of glycine and formate to malate. The 

pathway consists of eight enzymes for THF recycling, NADH regeneration, and 

malate synthesis. Two carbon equivalents are incorporated into malate. Malate 

concentration is shown for reactions fed with all necessary chemical cofactors 

and starting from formate and glycine. Reactions contain CFE either with or 

without the full pathway. In this experiment, cell-free bioproduction reactions 

were run at 250 μl volume. Values represent the mean ± standard deviation of six 

technical replicates.     

For all panels, statistical significance was calculated using two-tailed unpaired 

Welch’s t-tests. Asterisks indicate a statistically significant difference (∗: 

p-value < 0.05, ∗∗: p-value < 0.005).  
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Figure 7: Techno-economic analysis of cell-free bioproduction of malate. 

A.​ Process block flow diagram to produce malate by cell free bioconversion. The 

cell-free bioproduction plant is assumed to be located next to a bio-ethanol plant. 

Carbon dioxide effluent from the ethanol plant is fed to a low temperature 

electrolysis process converting the CO2 stream to formic acid. An average CO2 

flow rate of 227 thousand metric ton per year is used to estimate the process 

scale 88. Economic analysis and technical assumptions of the CO2 conversion 

step have been established by a multi-national lab team 64. Capital and operating 

costs of the cell free process are assumed to be comparable to the enzyme 

production process published by NREL 89. Cost assumptions of the biological 

conversion of formic acid to malic acid is taken from previous work and outlined 

in Methods S2 64. 

B.​ Contributions of different inputs to the cost of cell-free malate bioproduction are 

shown. Two cases are considered, one where formate is used as the sole carbon 

source, and one where formate and glycine are co-fed into the bioproduction 

platform. The total cost is broken down by area. Nutrients for enzyme production 

includes the costs of the cell-free lysate, DNA preparation, cofactors required for 

protein expression. Nutrients for cell-free conversion includes the cost of 

feedstocks and cofactors required for bioconversion. The other chemicals 

category includes chemicals used for pH adjustments, separations, and 

purification. The co-purification of co-products succinate and citrate are included 
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to offset costs associated with the process.  The current selling price of malate 

produced from fossil fuels ($1.8/kg) is shown with a dashed line. 

C.​ Techno-economic analysis of price sensitivity to operating costs and process 

efficiency. Operating costs, including cost of formate from CO2 electrolysis, 

enzyme turnover, conversion efficiency, and cell-free reagent cost are varied to 

understand their impacts on the final product cost. TEA suggests that operating 

costs were the primary drivers affecting malate MSP. The effect of improvements 

in various operating costs on the final MSP of malate are shown. Assumptions for 

TEA are given in Table S2 and Methods S2. 
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Supplementary Figures 

 

Figure S1. Thermodynamics for the synthesis of malate from glycine. The ΔG'm of each 

step was calculated using eQuilibriator assuming a standard concentration of 1mM for 

all reactants.  
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Figure S2. mdh-dependent malate concentrations over time. A. Malate concentrations 

are shown over 24 hours for CFE with or without mdh overexpression. Reactions 

contain oxaloacetate and NADH at 1mM each. mdh is expressed at 5 nM for the ‘+ mdh’ 

condition. CFE reactions are diluted 10-fold in the 50 mM HEPES pH 8. Time points 
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were collected at 0, 10, 30, 60, 120, 240, and 1440 minutes. Values shown represent 

one technical replicate. B. Thermodynamic predictions are given for relevant malate- 

and oxaloacetate-consuming reactions to identify sources for non-specific malate 

production and loss. The ΔG'm for each reaction was calculated using eQuilibriator. For 

reactions with the labels (10:1) or (1:10), predictions were adjusted to assume either a 

10:1 or 1:10 molar ratio of substrates to products.  All other reactions assume a 

standard concentration of 1mM for all reactants. Metabolite abbreviations: OXA, 

oxaloacetate; MAL, malate; CIT, citrate; FUM, fumarate; aCoA, acetyl-CoA.  
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Figure S3. Proteome analysis of TCA enzymes in an E. coli-based CFE. Published 

proteomic data from CFE was analyzed to compare relative amounts of TCA cycle 

enzymes to highly expressed enzymes required for key transcription and translation 

processes.   
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Figure S4. Effect of dilution on mdh-dependent malate production. Malate 

concentrations are shown for reactions expressing mdh and fdh or fdh alone. Reactions 

were diluted 10, 50, or 200-fold into a buffer containing 1mM NADH, 10mM formate, 

and 1mM oxaloacetate. Malate concentrations were measured after four hours. Values 

shown represent one technical replicate.  
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Figure S5. Time-course measurements of interventions to improve pyc-dependent 

malate production. Concentrations are shown for (A) malate, (B) citrate, and (C) 

succinate over four hours for CFE reactions diluted either 10- or 200-fold and with or 

without hydroxycitrate (HCT) as an inhibitor of the TCA cycle. Reactions in the left 

panels contain 0.5mM pyruvate, 1mM HCO3
-, 1mM ATP, 1mM Mg(CH₃COO)₂, 1mM 

acetyl-CoA, 1mM NADH, 10mM formate. Reactions in middle and right panels contain 

1mM pyruvate, 5mM HCO3
-, 1mM ATP, 2mM Mg(CH₃COO)₂, 1mM acetyl-CoA, 1mM 

NADH, 15mM formate. Reactions containing HCT contain 2.5mM. In the left and middle 

panels, values represent one technical replicate. In the right panels, values represent 

the mean ± standard deviation of three technical replicates. 
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Figure S6. Measurement of CO2 in reaction headspace. A. Bicarbonate is spiked into 

cell-free reactions during the biosynthesis step. We then measured CO2 in the 

headspace of our reactions via GC/MS at multiple time points after mixing reactions. 
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Reaction headspace was sampled via direct headspace injection into the GC/MS 

(Methods S4). B. We first showed there is a linear relationship between the amount of 

bicarbonate spiked into the reaction buffer and the CO2 measured in the headspace 

based on the quickly established equilibrium between HCO3
- and CO2 in the liquid and 

gas phases. We normalized the CO2 peak abundance by the N2 signal to account for 

variations in manual injections. C. We prepared reactions for pyruvate to malate 

conversion using our standard conditions and measured the reaction after 0, 2, and 4 

hours to investigate whether we could measure differential depletion of CO2 as a 

readout for the reaction progress. However, we found no significantly different changes 

in CO2 levels relative to the starting time point for any of the conditions tested. This may 

be due to the low amount of bicarbonate that is converted in the reaction relative to the 

total amount in the system. A 20% conversion of pyruvate to malate would only 

correspond to a 2% change in the concentration of the bicarbonate in the reaction, as 

bicarbonate is added at a 10-fold higher concentration than pyruvate. Bicarbonate levels 

are kept in excess due to the high Km of the enzyme for bicarbonate (~10 mM). These 

small differences, in combination with fluctuations in CO2 levels resulting from other 

pathways in the lysate, may be difficult to detect via GC/MS. Therefore, moving forward, 

we relied on product accumulation, measured via LC/MS, to assess the carbon 

efficiency of the system. Values represent the mean ± standard deviation of two 

technical replicates.   
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Figure S7. Effect of hydroxycitrate and dilution on accumulation of TCA intermediates. 

A. Acetyl-CoA accumulation is hydroxycitrate dependent. Acetyl-CoA concentrations 

are shown after four hours for reactions with different concentrations of hydroxycitrate 

(HCT) for reactions diluted 200-fold. Reactions express pyc, mdh, and fdh, and contain 

all of the needed substrates and cofactors for pyruvate to malate conversion. 

Acetyl-CoA and oxaloacetate, the product of pyc, are substrates for citrate synthase. 

The accumulation of acetyl-CoA at 10mM of HCT suggests that citrate synthase is 

partially inhibited at this concentration. B. Concentrations are shown for TCA 

intermediates succinate (top) and citrate (bottom) after four hours for reactions with 

different conditions. DNA for pathway enzymes, additional CFE dilution, and the 

inhibitor hydroxycitrate are changed between conditions. Data shown in these panels 

are from the same experiments as in Figure 3C. Dilution of the CFE reduces 

accumulation of TCA intermediates, suggesting that activity of endogenous TCA 

enzymes is lessened in these conditions. In diluted reactions containing HCT, we see 

accumulation of high concentrations of citrate. The high levels of citrate may be 

because hydroxycitrate is a stronger inhibitor for the downstream TCA enzymes 

aconitase and isocitrate dehydrogenase than citrate synthase. This results in build up of 

citrate, preventing loss of CO2 through the TCA cycle. For both intermediates, the 

concentration does not change depending on the presence of the pathway, suggesting 

that malate production via the oxidative TCA cycle is low.  For all panels, values 

represent the mean ± standard deviation of three technical replicates.   
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Figure S8. Validation of glyoxylate shunt as a complementary carbon-conserving 

pathway in CFE. A. Isocitrate lyase (ICL) was individually expressed in CFE and 
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reacted with its substrate, isocitrate. Concentrations are given for the direct products, 

succinate and glyoxylate, as well as malate. B. Malate synthase (MS) was individually 

expressed in CFE and reacted with its substrates, glyoxylate and acetyl-CoA. Malate 

concentrations were measured after four hours. C. Reactions containing either the rTCA 

module (pyc, mdh, and fdh) or rTCA + shunt (pyc, mdh, fdh, ICL, MS) were measured 

after eight hours. Malate concentrations may be lower in the rTCA + shunt due to the 

limited gene expression capacity of the cell-free system or due to consumption of 

acetyl-CoA, an allosteric activator for pyc, from the shunt pathway. For all panels, values 

represent the mean ± standard deviation of at least two technical replicates.   
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Figure S9. Dilution of CFE improves pathway-specific pyruvate production. Pyruvate 

concentrations are shown for reactions containing serine, PLP, and AMP. CFE reactions 

containing tdcB or a no enzyme control are diluted 10- or 200-fold in the final reaction. 

Pyruvate is measured after four hours. Values represent the mean ± standard deviation 

of three technical replicates.   
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Figure S10. Time-course serine to malate bioconversion via a four-enzyme pathway. A. 

Serine is converted to malate using a four enzyme pathway in which tdcB converts 

serine to pyruvate, and pyruvate is carboxylated into oxaloacetate via pyc. Oxaloacetate 

is then reduced to malate by mdh, with cofactor regeneration from fdh to drive flux 

towards malate. For all panels, reactions contain mdh and fdh expressed at .1 and 1.5 

nM, respectively. pyc and tdcB are either included at 2.5 nM or excluded in each 

condition. B. Pyruvate concentrations are shown at four hours. In reactions with pyc, we 

see a large decrease in pyruvate titers, suggesting it is being converted to oxaloacetate. 
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C. Pyruvate concentrations are shown at eight hours. The buildup of pyruvate in the 

conditions with tdcB expressed suggests that conversion from pyc may not be able to 

match the rate of production from tdcB. D. Malate concentrations are shown at 10, 15, 

and 20 hours when the pathway is expressed. This data is from a different experiment 

to that shown in panels B and C. The decrease in malate over time may be due to 

instability of cofactors or enzymes in our engineered pathway. For all panels, values 

represent the mean ± standard deviation of at least two technical replicates.   
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Figure S11. Effect of ATP-regenerating ppk on cell-free biosynthesis. A. ATP 

concentrations are shown for reactions containing polyphosphate kinase from a 

Erysipelotrichaceae bacterium (ppk12). Reactions contain 1mM AMP and 10mM 

polyphosphate. Reactions are collected after four hours. B. Malate concentrations are 
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shown for reactions containing sds + rTCA (pyc, mdh, and fdh) with or without ppk. The 

similar malate concentrations between the conditions with or without ppk suggest that 

ATP availability may not be limiting in our system for malate production. C. 

5,10-CH2-THF and ATP concentrations are shown for reactions containing the formate 

assimilation pathway, consisting of the ftl, fch, and mtdA enzymes, and either including 

or excluding the ATP regeneration pathway. On the left, reactions either include or 

exclude the ATP regeneration system shown in Panel A, or THF as a negative control. 

The loss of 5,10-CH2-THF accumulation in the presence of the ATP regeneration 

system suggests that it may interfere with function of the formate assimilation pathway. 

Panels A, B, and C represent separate experiments. For all panels, values represent 

the mean ± standard deviation of at least two technical replicates.   
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Figure S12. Lack of activity from NADPH-specific fdh variants in CFE. NADPH 

concentrations are shown for three CFE reactions containing either a NADPH-specific 

formate dehydrogenase (fdh) variant or no enzyme. We did not observe differential 

NADPH levels for either enzyme tested. This may suggest that these enzymes are not 

well-expressed in our system, or that NADPH is being consumed rapidly by 

endogenous enzymes in the CFE. Reactions are fed with 1mM NADP+ and 10mM 

formate. Reactions are measured after four hours. Values represent the mean ± 

standard deviation of two technical replicates.   
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Figure S13. Side product formation through the assembled formate assimilation and 

rTCA pathways. Succinate (left) and citrate (right) concentrations are shown for 

reactions designed for glycine, formate, and bicarbonate conversion to malate. Malate 

concentrations for the same experiment are shown in Figure 6B. This experiment shows 

that TCA intermediates accumulate despite the addition of hydroxycitrate. There are 

roughly equimolar amounts of malate and succinate produced in the sample with the 

pathway expressed. We see accumulation of citrate regardless of the presence of our 
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pathway. The high levels of citrate may be because hydroxycitrate is a stronger inhibitor 

for the downstream TCA enzymes aconitase and isocitrate dehydrogenase than citrate 

synthase. This results in citrate or isocitrate becoming the stopping point in the TCA 

cycle. The literature reports that hydroxycitrate inhibits aconitase and isocitrate 

dehydrogenase with Ki values of roughly .3 mM 1,2, while hydroxycitrate inhibits citrate 

synthase with a Ki of roughly 10 mM 3. Therefore, at 10 mM, hydroxycitrate is likely 

providing much stronger inhibition of downstream TCA enzymes than CS, leading to a 

buildup of citrate. This, in turn, would lead to product inhibition of CS 4, further 

decreasing its activity.  
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Figure S14. Buffered formic acid maintains CFE activity. A. GFP expression is poisoned 

by high concentrations of formic acid. GFP levels are shown for cell-free reactions 

spiked with increasing concentrations of formate. Cell-free reactions expressing GFP 

were incubated overnight at 30C. After 16-24 hours, cell-free reactions were diluted in 

50 mM HEPES pH 8 and split into different replicates. Concentrated formic acid was 

then added and the reactions were incubated for 10 minutes at room temperature. The 

fluorescence from the reactions was then measured via plate reader using the excitation 

wavelength at 485 nm and emission wavelength at 528 nm. B. Formic acid is buffered 

with a potassium counterion to maintain CFE activity by minimizing pH change in the 
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reaction. Cell-free reactions were prepared as in Panel A. Formate was added at 25 mM 

either as formic acid or as potassium formate. C. Cell-free pathways behave similarly in 

different buffer conditions using potassium formate. Malate titers are shown for the 

three-enzyme system for pyruvate to malate transformation in three different buffer 

conditions: 50 mM HEPES pH 8, 50 mM imidazole pH 8, and water. We found that the 

buffer used for dilution of the cell-free reaction did not have a significant effect on malate 

titers when formate was buffered. This result suggests that providing a counterion for 

formate effectively protects from large changes in pH upon its addition to the reaction.  
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A. 

 
B.

 
Figure S15. Pyruvate accumulation in the presence of downstream cofactors. To 

investigate potential pathway incompatibilities, we measured pyruvate accumulation 

from serine using tdcB in two buffer conditions. Pyruvate concentrations are shown in 

the presence of the cofactors required for downstream steps of the pathway.  

A. CFE expressing tdcB is compared to a reaction expressing GFP in conditions 

containing either tdcB buffer (TB) (1mM AMP, 1mM PLP) or with a multi-step buffer 

(MSB) with the cofactors required for pyc and mdh as well (1mM AMP, 1mM PLP, 1mM 
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ATP, 2mM Mg(CH₃COO)₂, 1mM biotin, 1mM acetyl-CoA, 2.5mM hydroxycitrate, 1mM 

NADH, 10mM formate). Under MSB conditions, we see no significant pyruvate 

accumulation after four hours.  

B. Additional buffer conditions are tested to understand which cofactors lead to higher 

consumption of pyruvate in our system, with each buffer containing different 

combinations of cofactors required for either mdh or pyc function. B1 contains the 

necessary cofactors for tdcB function (1mM AMP, 1mM PLP). B2 contains B1 with 1mM 

ATP, 2mM Mg(CH₃COO)₂, and 10mM HCO3
-. B3 contains B1 with 1mM biotin, 1mM 

acetyl-CoA, and 2.5mM hydroxycitrate. B4 contains B1 with 1mM NADH and 10mM 

formate. As our CFE contains a significant amount of pyruvate initially, production and 

consumption are measured relative to the amount of pyruvate present at 0 hours. We 

found that pyruvate was being consumed faster than it was produced in the buffers 

containing ATP (B2) and NADH (B4), but not in B1 and B3. These results suggest that 

the addition of certain compounds that are broadly used throughout metabolism may 

accelerate the siphoning of pyruvate into side products.  

For both panels, reactions are measured after four hours. Values represent the mean ± 

standard deviation of three technical replicates.   
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Figure S16. Effect of competing DNA expression on tdcB activity. In one-pot cell-free 

gene expression reactions, there is a tradeoff between the relative amounts of protein 

that can be expressed from different DNA templates. We demonstrated this tradeoff by 

measuring pyruvate accumulation via tdcB when expressed with or without deGFP as a 

competing plasmid. Pyruvate concentrations are shown for reactions containing plasmid 

DNA for tdcB, GFP, or both. For reactions with tdcB, plasmid DNA is added at 3 nM. 

GFP plasmid is added at 9 nM. We found that pyruvate production levels from tdcB 

were highly sensitive to the amount of deGFP plasmid added in the system. These 

results highlight that high expression requirements must be balanced with the total 

amount of DNA added to the system so that each enzyme can be expressed at relevant 

levels.  

Reactions are measured after four hours. Values represent the mean ± standard 

deviation of three technical replicates.   
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Figure S17. Effect of titrating plasmid DNA on bioconversion efficiency. Product 

concentrations are shown for reactions titrating either mdh, pyc, or tdcB plasmid DNA to 

understand which reaction steps were most sensitive to enzyme concentrations. For the 

mdh and pyc titrations, fdh is held constant at 1 nM. mdh was held constant at 1 nM for 

the pyc titration and pyc was held constant at 2.5 nM for the mdh titration. For both, 

pyruvate was used as the feedstock at 1 mM with all of the relevant cofactors provided. 

For the tdcB titration, the single step transformation of serine to pyruvate was measured 

and no other enzymes were expressed. For the single-step mdh and tdcB reactions, we 

found that product titers were not significantly different over a five-fold increase in 

plasmid concentration. These results indicate that low concentrations of 

enzyme-encoding DNA are sufficient for these reactions, and expression resources can 

be allocated towards other enzymes. In the pyc titration, malate continued to increase 
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up to 2.5 mM of plasmid DNA, suggesting that pyc concentration may be limiting in our 

system and should be highly expressed.  

Reactions are measured after eight hours. Values represent the mean ± standard 

deviation of at least two technical replicates.   
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Supplementary Tables 

Table S1. Bioproduction & carbon efficiency calculations 

A.​ Effect of dilution & inhibition on malate production (Figure 3B) 

 - pathway 
- dilution 
- inhibitor 

+ pathway 
- dilution 
- inhibitor 

- pathway 
+ dilution 
+ inhibitor 

+ pathway 
+ dilution 
+ inhibitor 

Malate (µM) 308 348 50 125 

Production from 
pathway 

  348
308  =  1. 1   125

50  =  2. 5 

Reduction in 
background reactions 

  308
50  =  6. 2 

 

B.​ Malate yield on formate (Figure 6B) 

Malate 
concentration 
(mM) 

Malate 
concentration 
(g/L) 

Formate 
concentration 
(mM) 

Formate 
concentration 
(g/L) 

Yield (g/g) 

.064 .0085 10 .46 .018 
 

C.​ Malate yield on glycine (Figure 6B) 

Malate 
concentration 
(mM) 

Malate 
concentration 
(g/L) 

Glycine  
concentration 
(mM) 

Glycine 
concentration 
(g/L) 

Yield (g/g) 

.064 .0085 1 .087 .098 
 

D.​ Carbon fixation efficiency (Figure 6B) 
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Malate  
through 
pathway 
(mM) 

Malate 
without 
pathway 
(mM) 

Difference 
in malate 
production 
(mM) 

CO2/malate 
(mol/mol) 

CO2 
fixation 
(mM) 

Maximum 
CO2 
fixation 
(mM) 

CO2 fixation 
efficiency 
(%)  

.064 -.011 .075 2 .150 2 7.5 
 

E.​ Enzyme usage  

TXTL 
expression 
capacity 
(mg/ml) 

TXTL 
dilution 
in final 
reaction 
vol.  

Total 
expressed 
enzyme 
concentrat
ion 
(mg/ml)  

Conc. from 
Luo 2023 
(mg/ml) 

Conc. from 
Luo 2022 
(mg/ml) 

Conc. from 
Schwander 
2016 (mg/ml) 

4 200 .02 10.5 10.4 3.0 
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Table S2. Base case TEA assumptions 5–7 

Formic acid production via 

CO2 electrolysis  

CO₂ Electrolysis Current Density, 140 mA/cm 

Onstream Factor, 40% 

Electricity cost, $0.068/kWh 

CO₂ Single-Pass Conversion, 20% 

CO₂ Electrolysis Cell Voltage, 3.5 V 

CO₂ Price, $40/metric ton CO₂ 

Formic Acid Faradaic Efficiency, 94% 

Enzyme to formic acid ratio 1.031 (by mass) 

Formic acid conversion 20% 

Cell free lysate cost $120/L 

Enzyme yield 44.75 g/L 
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Table S3. Base case TEA results 

Total project investment, TPI 

(Excluding the electrolysis process) 

MM$ 724 

Uninstalled equipment 

(Excluding the electrolysis process) 

MM$ 192 

Malic acid production 36,510 metric tons/year 

Calculated malic acid price using 

2020 US$ 

$9.63/kg 
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Table S4. DNA sequences used in this study 

Gene Sequence 

mdh_Ec ATGAAAGTCGCAGTCCTCGGCGCTGCTGGCGGTATTGGCCAGGCGCTT
GCACTACTGTTAAAAACCCAACTGCCTTCAGGTTCAGAACTCTCTCTG
TATGATATCGCTCCTGTGACTCCCGGTGTGGCTGTCGATCTGAGCCAT
ATCCCTACTGCTGTGAAAATCAAAGGTTTTTCTGGTGAAGATGCGACT
CCGGCGCTGGAAGGCGCAGATGTCGTTCTTATCTCTGCAGGCGTACGG
CGTAAACCGGGTATGGATCGTTCCGACCTGTTTAACGTTAACGCCGGC
ATCGTGAAAAACCTGGTACAGCAAGTTGCGAAAACCTGCCCGAAAGCG
TGCATTGGTATTATCACTAACCCGGTTAACACCACAGTTGCAATTGCT
GCTGAAGTGCTGAAAAAAGCCGGTGTTTATGACAAAAACAAACTGTTG
GGCGTTACCACGCTGGATATCATTCGTTCCAACACCTTTGTTGCGGAA
CTGAAAGGCAAACAGCCTGGCGAAGTTGAAGTGCCGGTTATTGGCGGT
CACTCTGGTGTTACCATTCTGCCGCTGCTGTCACAGGTTCCTGGCGTT
AGTTTTACCGAGCAGGAAGTCGCTGATCTGACCAAACGCATCCAGAAC
GCGGGTACTGAAGTGGTTGAAGCGAAGGCCGGTGGCGGGTCTGCAACC
CTGTCTATGGGCCAGGCAGCTGCACGTTTTGGTCTGTCTCTGGTTCGT
GCACTGCAGGGCGAACAAGGCGTTGTCGAATGTGCCTACGTTGAAGGC
GACGGTCAGTACGCCCGTTTCTTCTCTCAACCGCTGCTGCTGGGTAAA
AACGGCGTGGAAGAGCGTAAATCTATCGGTACCCTGAGCGCATTTGAA
CAGAACGCGCTGGAAGGTATGCTGGATACGCTGAAGAAAGATATCGCC
CTGGGGCAAGAGTTCGTTAATAAGTAA 

fdh_Sn ATGGCCAAAATTTTATGCGTATTATACGATGATCCGGTCGATGGCTAC
CCAAAAACCTATGCACGCGATGACTTGCCGAAGATCGACCACTATCCG
GGGGGTCAGACACTGCCGACGCCAAAGGCGATTGACTTCACTCCTGGT
GCATTGTTGGGGTCCGTAAGCGGTGAGTTGGGATTACGCAAATACCTT
GAGGCTAACGGTCATACGTTTGTCGTGACGAGTGACAAAGACGGGCCG
GACTCAGTGTTTGAACGCGAACTGGTGGACGCGGACGTTGTAATTTCA
CAGCCTTTCTGGCCGGCTTATTTAACCCCGGAGCGCATTGCAAAAGCC
AAGAATCTTAAGCTGGCTTTGACTGCTGGTATTGGTTCGGACCATGTG
GATCTGCAGTCTGCAATTGACCGTGGCATCACAGTGGCAGAGGTCACT
TATTGTAATTCCATTAGTGTTGCGGAGCATGTAGTAATGATGATTCTG
GGGTTAGTTCGCAACTACATCCCTTCCCATGACTGGGCTCGTAAGGGC
GGATGGAACATCGCGGATTGCGTCGAGCATTCGTATGACCTTGAGGGT
ATGACAGTGGGCTCAGTCGCCGCTGGCCGTATTGGCCTTGCTGTGCTG
CGCCGTTTAGCGCCCTTCGATGTCAAATTGCATTATACGGATCGTCAT
CGCTTACCAGAAGCCGTCGAGAAGGAACTGGGTTTAGTTTGGCACGAC
ACACGCGAGGACATGTACCCACATTGTGATGTCGTCACGTTAAACGTC
CCCCTTCATCCTGAAACCGAGCACATGATTAACGACGAAACTTTAAAG
CTTTTTAAACGCGGTGCGTACATTGTAAATACGGCTCGCGGGAAGTTG
GCTGACCGTGATGCTATTGTACGTGCCATTGAATCCGGACAACTGGCT
GGGTATGCTGGGGATGTGTGGTTCCCTCAACCAGCACCAAAGGACCAT
CCATGGCGTACCATGAAATGGGAGGGAATGACACCTCACATCAGTGGG
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ACGTCACTTAGCGCGCAAGCCCGTTACGCTGCTGGGACACGCGAAATT
TTAGAATGCTTTTTTGAGGGGCGTCCGATTCGCGATGAATACCTGATC
GTGCAAGGCGGCGCGTTGGCCGGGACCGGCGCACATTCGTACTCTAAA
GGGAACGCTACGGGTGGAAGTGAGGAGGCGGCTAAGTTTAAAAAAGCT
GGATAA 

pyc_Re ATGCCGATTAGTAAAATTTTGGTTGCAAATCGTAGTGAGATTGCTATC
CGTGTCTTTCGCGCGGCTAATGAACTGGGGATTAAGACCGTTGCGATT
TGGGCCGAAGAGGACAAGCTGGCGTTGCACCGCTTCAAAGCTGACGAA
TCGTACCAGGTTGGTCGCGGTCCTCATCTGGCCCGCGATCTGGGCCCG
ATCGAGAGTTATCTGAGCATTGACGAAGTTATCCGCGTAGCTAAGCTG
TCCGGTGCTGATGCTATCCACCCCGGCTATGGTCTTTTATCTGAGTCT
CCAGAATTTGTGGATGCGTGCAACAAAGCCGGGATCATTTTCATTGGT
CCGAAAGCCGACACGATGCGCCAGTTGGGAAACAAGGTCGCGGCCCGC
AATCTGGCTATTTCCGTAGGCGTCCCGGTAGTGCCTGCTACAGAACCG
CTGCCCGACGATATGGCAGAAGTAGCTAAGATGGCCGCGGCAATTGGG
TATCCAGTGATGCTGAAGGCATCATGGGGAGGAGGAGGACGCGGTATG
CGCGTAATTCGTTCAGAAGCGGATCTTGCGAAGGAAGTTACAGAGGCC
AAACGCGAAGCCATGGCGGCGTTTGGTAAAGACGAGGTGTACCTGGAG
AAATTGGTAGAACGCGCACGCCACGTCGAGAGTCAAATTTTAGGCGAT
ACCCATGGCAACGTCGTGCACTTATTCGAACGCGATTGCTCAGTGCAA
CGTCGTAATCAAAAGGTTGTGGAGCGTGCACCCGCTCCATATCTGTCC
GAAGCACAACGTCAAGAACTGGCCGCATACAGTCTGAAAATTGCAGGC
GCTACTAACTATATCGGCGCCGGAACCGTGGAATACTTAATGGACGCC
GACACGGGGAAGTTCTATTTTATCGAGGTTAACCCTCGTATTCAGGTA
GAACACACAGTGACCGAGGTGGTGACGGGGATCGACATCGTTAAAGCC
CAGATTCATATTTTAGACGGCGCCGCCATTGGGACTCCCCAGAGTGGG
GTCCCTAATCAAGAAGACATTCGTCTGAATGGTCACGCTTTGCAATGC
CGCGTAACGACAGAGGATCCAGAACACAACTTCATCCCGGACTATGGC
CGCATCACAGCCTATCGCTCGGCCAGTGGTTTCGGTATCCGCTTGGAC
GGTGGAACGTCCTACAGTGGCGCCATCATCACCCGTTATTACGACCCA
TTGCTGGTCAAAGTCACTGCTTGGGCACCCAACCCATTAGAAGCAATT
TCTCGTATGGACCGCGCCTTACGTGAGTTCCGTATCCGCGGTGTTGCG
ACGAACCTTACGTTCTTGGAAGCTATCATCGGCCACCCTAAGTTTCGT
GACAATAGCTATACCACGCGCTTTATCGACACTACCCCCGAATTATTT
CAACAGGTGAAGCGCCAGGACCGCGCCACTAAGTTGCTGACTTATCTT
GCAGACGTAACAGTTAATGGGCATCCGGAAGCTAAGGACCGCCCCAAG
CCTCTTGAAAACGCCGCGCGCCCCGTGGTACCGTATGCCAATGGCAAC
GGTGTCAAGGACGGCACTAAGCAATTACTTGACACATTAGGGCCGAAA
AAGTTTGGCGAATGGATGCGTAACGAGAAACGTGTCCTTTTGACAGAT
ACCACAATGCGCGACGGCCATCAATCCTTGTTGGCCACCCGCATGCGC
ACTTATGATATTGCACGTATCGCTGGGACCTATTCGCACGCCCTTCCC
AACTTGTTGAGTCTGGAGTGCTGGGGGGGTGCCACTTTCGATGTGTCG
ATGCGCTTCCTTACCGAGGACCCTTGGGAGCGCTTGGCTCTGATTCGT
GAGGGGGCGCCAAATCTTCTGCTTCAAATGTTACTGCGTGGCGCCAAT
GGGGTAGGATATACGAACTACCCTGACAACGTCGTCAAATACTTCGTC
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CGCCAAGCTGCTAAAGGAGGAATCGATCTGTTTCGCGTTTTCGACTGT
TTAAATTGGGTGGAGAATATGCGTGTGTCTATGGATGCGATTGCCGAG
GAGAATAAGCTTTGCGAAGCTGCCATTTGTTATACGGGGGATATTCTG
AATTCCGCCCGTCCTAAGTATGACTTGAAATACTATACTAACCTTGCG
GTCGAATTGGAGAAGGCTGGAGCTCACATTATCGCTGTCAAGGACATG
GCAGGATTGCTGAAGCCTGCCGCAGCAAAAGTGCTTTTCAAGGCTCTT
CGTGAAGCAACGGGTCTGCCAATTCATTTCCATACCCATGATACCAGC
GGAATCGCAGCTGCTACTGTGTTAGCGGCGGTGGAAGCAGGAGTAGAT
GCCGTAGACGCAGCTATGGACGCCCTGAGTGGGAACACGTCGCAACCA
TGCCTGGGCTCAATCGTAGAAGCCCTTTCAGGTTCAGAACGCGATCCA
GGATTGGACCCTGCGTGGATTCGTCGCATTTCTTTTTACTGGGAGGCT
GTTCGTAACCAATACGCAGCCTTTGAGAGTGACTTGAAGGGCCCTGCT
AGCGAAGTCTACTTGCATGAAATGCCCGGAGGTCAATTTACAAATCTG
AAGGAGCAAGCCCGCTCTCTGGGCTTAGAAACTCGCTGGCACCAAGTA
GCACAGGCGTACGCGGATGCGAACCAGATGTTCGGCGATATCGTTAAG
GTAACGCCGTCGAGCAAAGTCGTTGGCGACATGGCGTTGATGATGGTT
TCTCAGGATCTGACTGTGGCGGATGTTGTCAGCCCAGATCGCGAGGTA
AGCTTCCCTGAGTCAGTCGTAAGTATGCTTAAAGGAGACCTGGGACAG
CCGCCTTCGGGGTGGCCGGAAGCTTTACAAAAGAAAGCTCTGAAAGGC
GAGAAACCGTACACTGTACGTCCTGGTAGTTTGCTTAAGGAAGCCGAT
CTGGACGCCGAGCGTAAGGTTATCGAGAAGAAATTGGAGCGCGAGGTG
AGTGATTTTGAATTCGCAAGTTATTTAATGTATCCAAAGGTGTTTACA
GATTTTGCCCTTGCATCAGATACTTATGGTCCTGTATCAGTTTTGCCC
ACCCCTGCCTATTTTTATGGTTTAGCCGATGGAGAGGAGCTTTTTGCC
GATATCGAAAAAGGCAAGACTCTGGTGATTGTTAATCAGGCAGTAAGC
GCCACGGACAGCCAAGGCATGGTTACAGTATTCTTTGAGTTAAACGGC
CAGCCCCGTCGTATCAAAGTACCTGACCGCGCTCATGGAGCTACGGGA
GCCGCCGTTCGCCGCAAAGCAGAACCGGGGAACGCCGCTCATGTTGGG
GCCCCGATGCCGGGGGTAATTAGCCGTGTTTTTGTTTCGTCAGGACAG
GCAGTAAATGCCGGGGACGTGCTTGTTTCTATCGAGGCGATGAAAATG
GAAACCGCAATCCATGCGGAGAAGGATGGTACGATCGCTGAAGTATTG
GTTAAAGCTGGCGATCAAATCGATGCTAAGGACCTGCTGGCGGTGTAT
GGGGGTTAA 

sda_Ec ATGATCTCGCTGTTCGATATGTTCAAAGTAGGTATCGGACCTAGCAGC
AGCCATACCGTCGGGCCGATGAAAGCCGGGAAACAATTTGTCGATGAC
TTGGTAGAGAAAGGTTTATTAGACTCCGTAACACGCGTGGCCGTGGAC
GTATATGGGTCCCTTTCATTGACAGGAAAGGGGCACCACACCGATATC
GCCATCATTATGGGGCTTGCAGGAAACGAACCAGCGACCGTGGATATC
GACTCTATTCCGGGGTTTATCCGCGATGTCGAGGAGCGTGAGCGCCTT
TTGCTGGCTCAGGGTCGCCACGAGGTTGATTTCCCCCGTGACAATGGT
ATGCGTTTCCACAATGGCAACCTTCCGCTTCACGAAAACGGCATGCAG
ATTCACGCATACAACGGGGACGAAGTAGTGTACTCTAAGACATATTAC
TCCATTGGCGGGGGATTTATTGTTGATGAGGAACATTTCGGACAAGAT
GCGGCAAATGAAGTGTCCGTACCTTATCCATTTAAGTCAGCCACGGAA
TTGCTTGCCTACTGCAACGAGACTGGATATTCCTTGTCTGGCTTAGCG
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ATGCAGAATGAGCTGGCTTTGCACTCAAAGAAGGAGATTGATGAGTAC
TTTGCGCACGTGTGGCAAACCATGCAAGCGTGTATCGATCGCGGAATG
AACACAGAAGGGGTCTTACCGGGACCGTTACGTGTCCCACGTCGTGCC
TCGGCTCTGCGTCGTATGCTTGTATCATCTGATAAATTATCTAATGAC
CCCATGAATGTTATTGACTGGGTGAATATGTTCGCTCTGGCAGTGAAT
GAAGAAAATGCGGCCGGGGGACGTGTAGTTACTGCTCCGACAAACGGT
GCCTGTGGAATTGTGCCTGCGGTTCTTGCTTACTACGACCATTTCATC
GAGTCGGTCTCCCCGGACATCTACACACGTTATTTCATGGCCGCTGGC
GCAATTGGTGCCCTTTACAAGATGAACGCGTCGATTTCGGGGGCCGAG
GTAGGGTGCCAAGGCGAGGTGGGAGTGGCTTGCTCAATGGCAGCGGCC
GGCTTGGCGGAATTGCTGGGAGGAAGTCCAGAGCAGGTCTGCGTCGCG
GCCGAAATCGGTATGGAGCACAATCTGGGGTTAACCTGTGATCCGGTC
GCGGGGCAGGTCCAAGTGCCTTGTATTGAGCGCAATGCTATTGCGTCT
GTGAAAGCTATCAATGCTGCCCGCATGGCGCTGCGTCGTACTTCCGCG
CCACGTGTATCTCTGGATAAAGTTATTGAAACCATGTATGAAACCGGG
AAGGACATGAACGCCAAGTATCGCGAAACCTCTCGTGGGGGACTTGCA
ATCAAAGTGCAGTGCGATTGA 

sda_Bsub ATGAAATACCGCAGTGTATTCGATATTATTGGCCCAGTCATGATTGGT
CCTTCAAGTTCTCACACTGCTGGTGCAGCCCGTATTGGGCGTGTGGCC
CGCTCGTTGTTCGGTCGCGAGCCTGAGCGCATTATTGTTTCGTTTTAT
GGATCATTCGCAGAGACGTATAAAGGCCATGGAACCGATGTCGCCATT
ATTGGAGGCTTACTTGATTTTGACACGTTTGATGAGCGCATCAAGACG
GCGATCCAGATCGCGGAAGCCAAAGGCATCGACATCGAGTTCCGCGTG
GAGGATGCGGTCCCGGTACATCCTAACACAGCCAAGATTACGATTTCA
GATGAAAAAGGTGAACTTGAACTTACGGGGATTTCGATCGGCGGGGGA
AAAATTGAAATCACTGAATTAAACGGATTTGAATTACGCCTTAGCGGG
AATCATCCAGCTATCCTTGTAGTGCACAACGATAAATTCGGGACAATT
GCTGGAGTCGCTAACGTGCTTGCGAAGTTTAGTATTAATGTAGGACAC
ATGGAAGTCGCCCGTAAAGACATTGGTCAACTGGCCCTTATGACGATC
GAAGTAGACCAGAACATTGACGACCATATTCTGGACGAACTTTCAAAA
TTGCCCAACATTATTCAGGTTACTAAGATTGCAGATTGA 

sda_Msmeg ATGGATCTGGTTACCTTAGATGACATTTCGGGTGCAGCTGCCCGTATT
GCGGCCGATATCGTCCGTACACCTTTATTGGCGGCCGATTGGGGGGAT
CCTCGCTGTCCATTATGGCTTAAAGCTGAAACACTGCAGCCCATCGGC
GCATTCAAAATTCGCGGTGCTTTTAACGCTCTGGGTCGCCTTGACACG
CACACGCGCGCACGTGGCGTAGTGGCATATTCTTCGGGGAATCATGCC
CAGGCGGTAGCATATGCAGCGGCTGCCTATGGTGTTCCCGCCCACATT
GTCATGCCAGAGGAGACACCAGCCGTCAAAGTCGAGGCAACTCGTCGT
CGTGGAGCCCATGTGGTGCTGTGTGGTGCCGGTGAACGTGAACGCACC
GCCGCAGAGTTAGTGGAGAAGACGGGAGCCGTACTGATCCCGCCTTTC
GACCACCCCGATATTATCGCTGGTCAGGGGACGATTGGAATTGAGATT
GCGGAGGATCTTCCCGAATTGGCTACAGTGTTGATCCCGGTAAGCGGC
GGGGGTTTGGCGAGTGGGATTGGAACTGCCATCCGCGCGTTGCGTCCT
AAGGCAAAAATTTTCGCAGTAGAGCCGGAGTTAGCGGCGGATACCGCA
GAGAGCTTAGCGTTGGGAAGTATTGTCGAGTGGCCAGTTGCCAAGCGC
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AACCGCACAATTGCAGACGGTTTACGTTCCACACCATCAGAGTTAACG
TTTGCCCACCTGCGCCAAGTCATTGATGACGTCATTACGGTTTCGGAG
GATGAAATCCGTTCAGCAGTACGTGAGCTGGCATTGCGTGCGCGTTTG
GTTGCAGAACCGTCCGGAGCGGTATCTCTTGCCGGGTATCGCAAGGCG
GCTTTACCTGATGGCAGTGCGGTTGCCATCGTGAGCGGGGGGAACATT
GAACCGGCACAACTTGCGGCTATCCTGGCTGGCGGATAA 

sda_Lpneu ATGAATATTTCTGTCTTCGATTTGTTCAGTATCGGGATTGGCCCTTCT
TCATCCCACACTGTCGGCCCAATGTTGGCAGCAAATGCCTTCCTTCAA
CTTCTTGAGCAGAAGAACCTTTTCGATAAAACGCAACGCGTAAAAGTG
GAGCTGTATGGCAGTTTGGCGCTGACCGGCAAAGGCCATGGAACCGAC
AAGGCGATCTTGAACGGTCTGGAAAACAAGGCCCCTGAGACAGTGGAC
CCGGCCTCCATGATCCCACGCATGCACGAGATCTTAGATTCCAATTTG
CTGAACCTGGCTGGGAAGAAGGAGATTCCCTTTCACGAAGCAACCGAT
TTCCTGTTCTTGCAAAAAGAACTGCTTCCAAAGCACTCAAATGGCATG
CGCTTCTCGGCCTTCGATGGGAATGCCAACCTGCTTATTGAACAGGTG
TATTATAGTATCGGCGGCGGGTTCATTACAACAGAAGAGGATTTTGAT
AAGTCCACTACTGATACTAATCCACCTCCTTATCCTTTTGCGACAGCA
ACTGAGTTACTTAAATTATGCAAAAAGCATCATCTTACGATCGCTGAA
CTGATGCTTGTTAATGAGAAGACTTGGCGTAGTTCTGCTGAAATCCAT
AAAGGTATCCTTGACATTGCTAAGGTAATGGACGATTGTATCAACAAT
GGTTGCAAACATGATGGTGTCCTGCCGGGAGGCTTAAATTTAAAACGC
CGCGCTCCCGACTTGTACCGCAAACTTATTGAGCAGAAGGGAGTGAAA
TCTGTATTTGAGCAGTCTGACATCATGAATCACTTAAACTTGTACGCC
ATGGCGGTCAATGAGGAAAATGCAGCTGGCGGCCGTATCGTGACCGCA
CCTACAAATGGGGCGGCAGGCATCATCCCGGCGGTACTGAAGTATTGC
CAACAGGCCCACGACCGCATGTCGAATGAGGACATTTACACCTATTTC
TTGACCGCTGCGGCTATTGGCATTCTGTATAAGAAGGGCGCGTCAATT
TCCGGAGCGGAAGTAGGTTGTCAGGGTGAAGTAGGAGTAGCATCCTCT
ATGGCAGCCGCGGGACTTACTGCAGTTCTGGGAGGGACCATCGAACAA
GTGGAGAACGCGGCTGAGATCGCCATGGAGCACCATCTGGGAATGACG
TGCGATCCTGTCTTGGGCTTAGTACAGATCCCGTGTATCGAGCGCAAC
GCCATGGGTGCCGTTAAGGCTGTTAATGCGACACGCATGGCGTTAATC
GGAGATGGGCAGCACCAAATTTCCCTGGATAAGGTGATCAAGACGATG
AAGCAGACCGGCATGGACATGCAGTCAATTTACAAGGAAACGTCTATG
GGTGGTCTGGCAGTGAACCTTCCAGAGTGCTAA 

TdcB_Ec atgcatattacatacgatctgccggttgctattgatgacattattgaa
gcgaaacaacgactggctgggcgaatttataaaacaggcatgcctcgc
tccaactattttagtgaacgttgcaaaggtgaaatattcctgaagttt
gaaaatatgcagcgtacgggttcatttaaaattcgtggcgcatttaat
aaattaagttcactgaccgatgcggaaaaacgcaaaggcgtggtggcc
tgttctgcgggcaaccatgcgcaaggggtttccctctcctgcgcgatg
ctgggtatcgacggtaaagtggtgatgccaaaaggtgcgccaaaatcc
aaagtagcggcaacgtgcgactactccgcagaagtcgttctgcatggt
gataacttcaacgacactatcgctaaagtgagcgaaattgtcgaaatg
gaaggccgtatttttatcccaccttacgatgatccgaaagtgattgct
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ggccagggaacgattggtctggaaattatggaagatctctatgatgtc
gataacgtgattgtgccaattggtggtggcggtttaattgctggtatt
gcggtggcaattaaatctattaacccgaccattcgtgttattggcgta
cagtctgaaaacgttcacggcatggcggcttctttccactccggagaa
ataaccacgcaccgaactaccggcaccctggcggatggttgtgatgtc
tcccgcccgggtaatttaacttacgaaatcgttcgtgaattagtcgat
gacatcgtgctggtcagcgaagacgaaatcagaaacagtatgattgcc
ttaattcagcgcaataaagtcgtcaccgaaggcgcaggcgctctggca
tgtgctgcattattaagcggtaaattagaccaatatattcaaaacaga
aaaaccgtcagtattatttccggcggcaatatcgatctttctcgcgtc
tctcaaatcaccggtttcgttgacgcttaa 

sds_Dd ATGGGACTGAAGACTACAATCAGCCCTGACTCATCGTTTGATAAAATC
ATCAATACTAAGACGAGTCCTCCTCTGCATATCAATAGTCCCATGTTG
GAGTCTTTGGCCTTAAGCAAATTATTCAAGGAGGAAAACGCGAAAGTC
TGGATGAAGGTAGACGCTCTTCAACCTTCTGGATCGTTTAAGATCCGT
GGCGTAGGATTGCTTTGCAACCAGTTGCTGAAGGAAAAGAAATCTAAA
AACGAAGAGGCCCACTTCATCTGTTCTTCGGGCGGAAACGCGGGCAAG
TCAGTGGCGTACGCAGGACGTAAACTTAACGTTAAGACCACTATCGTG
CTTCCAAACACCATTCCGGAGGCGACCATCGAGAAGATTAAAGATGAG
GGCGCTAATGTTATTGTGCACGGAACCATCTGGGATGAGGCGAACACC
TTTGCGCTTGAGCTTGCTGAGAAAGAGGGCTGCACTGACTGCTACATT
CATCCCTTCGATCACCCTCTTCTTTGGGAGGGCCACAGTACCATGATT
GATGAGATTTATCAAGATGTCCAGAACGGAGTATGCGAGAAGCCAGAC
GTAATTCTGTTCTCAGTGGGTGGCGGCGGCATGATGATCGGCATCTTA
CAAGGTTTAGACCGCTACGGATGGAACGATATTCCGATTGTAACCGTG
GAGACGGTCGGTAGCCACTCTTTTTGGAAATCCTTCCAAGAAAAACAA
CTTACTAAATTAGACGTAAGTGAGGTCACCAGTGTGATCAAAACATTA
TCCACGCGTTCAGTTTGCTCAGAAGCATGGGAGATTTCTAAACGCTTT
AATATTAAACCCATTCTTGTCACCGACCGTGACGCTGTAGACGCATGC
TTAAAGTTCGTTGACGACGAACGCATTCTGGTCGAGCCTAGTTGCGGT
GCTACTCTGTCGGTGCTTTACTCGAAGAAATTGTCTACTTTGTTAGAT
ATTAACTCTAAAAACATCTTAACCATTGTATGTGGTGGCAACGGGACC
AGTATTCTTCAGTTGAACGACTTATTGCAGACGCTGCCGAAGtaa 

glyA_Ec atgttaaagcgtgaaatgaacattgccgattatgatgccgaactgtgg
caggctatggagcaggaaaaagtacgtcaggaagagcacatcgaactg
atcgcctccgaaaactacaccagcccgcgcgtaatgcaggcgcagggt
tctcagctgaccaacaaatatgctgaaggttatccgggcaaacgctac
tacggcggttgcgagtatgttgatatcgttgaacaactggcgatcgat
cgtgcgaaagaactgttcggcgctgactacgctaacgtccagccgcac
tccggctcccaggctaactttgcggtctacaccgcgctgctggaacca
ggtgataccgttctgggtatgaacctggcgcatggcggtcacctgact
cacggttctccggttaacttctccggtaaactgtacaacatcgttcct
tacggtatcgatgctaccggtcatatcgactacgccgatctggaaaaa
caagccaaagaacacaagccgaaaatgattatcggtggtttctctgca
tattccggcgtggtggactgggcgaaaatgcgtgaaatcgctgacagc
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atcggtgcttacctgttcgttgatatggcgcacgttgcgggcctggtt
gctgctggcgtctacccgaacccggttcctcatgctcacgttgttact
accaccactcacaaaaccctggcgggtccgcgcggcggcctgatcctg
gcgaaaggtggtagcgaagagctgtacaaaaaactgaactctgccgtt
ttccctggtggtcagggcggtccgttgatgcacgtaatcgccggtaaa
gcggttgctctgaaagaagcgatggagcctgagttcaaaacttaccag
cagcaggtcgctaaaaacgctaaagcgatggtagaagtgttcctcgag
cgcggctacaaagtggtttccggcggcactgataaccacctgttcctg
gttgatctggttgataaaaacctgaccggtaaagaagcagacgccgct
ctgggccgtgctaacatcaccgtcaacaaaaacagcgtaccgaacgat
ccgaagagcccgtttgtgacctccggtattcgtgtaggtactccggcg
attacccgtcgcggctttaaagaagccgaagcgaaagaactggctggc
tggatgtgtgacgtgctggacagcatcaatgatgaagccgttatcgag
cgcatcaaaggtaaagttctcgacatctgcgcacgttacccggtttac
gca 

MtdA_Mex atgtctaagaaactgctctttcagtttgacactgatgcaactccgtct
gtatttgacgttgttgttggctatgacggcggtgcagaccatattact
ggctatggcaatgttactcccgacaatgttggcgcatatgttgacggc
actatttatactcgtggaggcaaagagaaacagtctacagcaatcttt
gttggcggcggcgacatggcagcaggcgagcgggtatttgaggcagta
aagaagcgtttctttggcccgtttcgcgtttcttgtatgctggattct
aatggctctaatactactgcagcagcaggcgttgcactcgttgttaaa
gcagcaggcggctctgttaaaggcaagaaagcagttgttctcgcaggt
actggtccggttggtatgcgctctgcagctctgttagccggcgagggc
gcagaggttgttctgtgtgggcgcaaactcgacaaagcacaggcagca
gcagattctgttaataaacgcttcaaagttaatgttactgcagcagag
actgcagacgacgcatctcgcgcagaggccgtgaaaggcgcacatttt
gtctttactgcaggtgcaattggccttgaactgctgccgcaggcagca
tggcagaatgagtcttctattgaaattgtggccgattataatgcacag
ccgccgctcggcattggcgggattgatgcaactgacaaaggcaaagaa
tatggcggaaaacgcgcatttggtgcgctcggcattggcggcttgaaa
ctcaaactgcatcgcgcatgtattgcaaaactgtttgagtcttctgaa
ggtgtatttgatgcagaggagatttataaactggcaaaagaaatggca
tga 

Fch_Mex atggctggcaatgagactattgaaacattcttggacggcctggcatca
tctgctccgactcccggcggcggcggtgcagcagcaatttctggcgca
atgggcgcagcacttgtttctatggtttgcaatcttactattggcaag
aagaaatatgttgaggttgaggcagacttaaaacaggttctggagaaa
tctgaaggcctgcgccgcactctcactggcatgattgcagacgacgtt
gaagcctttgacgcagttatgggcgcttatgggctgccgaagaatact
gacgaagagaaagcagcacgcgcagcaaagattcaagaggcactcaaa
actgcaactgacgttccgctcgcatgttgtcgcgtttgtcgcgaggtt
attgatctggcagagattgttgcagagaaaggcaatctcaatgttatt
tctgatgcaggcgttgcagtgctctctgcttatgcaggtctgcgctct
gctgcacttaatgtctatgtaaatgcaaaaggcctcgacgaccgcgca
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tttgcagaggagcggcttaaagagctggagggcctactggctgaggca
ggtgcactcaatgagcgaatttatgagactgttaaatctaaagtgaat
tga 

Ftl_Mex atgccgagcgatattgaaattgcacgcgctgctactctgaaaccgatt
gcgcaagttgcggagaaactgggtattccggacgaggctcttcataat
tatggcaaacatatcgctaaaatcgaccatgactttattgcttctctt
gagggtaaaccagagggcaaacttgttctggttactgctatttcgccg
actccagctggcgagggcaaaactactactactgttggtctgggcgat
gctctcaaccgcattggcaaacgtgctgttatgtgtctgcgcgagccc
tctctcggcccctgttttggcatgaaaggcggcgctgctggtggcggc
aaagctcaggttgttccgatggagcagattaatctgcacttcaccggc
gattttcacgctattacttctgctcactctctcgctgctgctctgatt
gataaccatatttattgggctaacgaactgaatattgacgttcgccgc
attcattggcgccgcgttgttgatatgaacgatcgggctctgcgcgct
attaatcagtctctcggcggcgttgctaatggctttccgcgcgaggat
gggtttgacattactgttgcttctgaggttatggctgtgttttgcctc
gccaagaatctggctgatcttgaggagcggctcggccgcattgttatt
gcagaaactcgcgatcgcaaaccggttactctggctgatgttaaagct
actggcgctatgactgttctgctcaaggatgctcttcagccgaatctc
gtgcagactctggagggcaacccggctctgattcacggcggcccgttt
gctaacattgctcatggctgtaactcggttattgctactcgcactggc
ctgcggctcgctgactatactgttactgaggctggctttggcgctgat
ctcggcgctgagaaattcattgatattaaatgtcgccagactggcctc
aagccctctgctgttgttattgttgctacgattcgcgctctcaaaatg
catggcggcgttaacaagaaagatctccaggctgagaatctggatgcg
ctggagaaaggttttgcaaatcttgagcgccatgttcacaatgttcgc
tcttttggcctgccggttgttgttggtgttaaccacttctttcaggat
actgatgctgagcatgttcggttgaaagaactgtgccgcgatcggctt
caggttgaggctattacttgtaagcattgggctgagggcggcgcaggc
gcagaagcactggcacaggcagttgttaaactggctgaaggcgagcag
aaaccgctgacttttgcatatgagaccgaaactaagattactgacaag
attaaggcaattgctactaaactgtatggtgctgctgatattcagatt
gagtctaaagccgccactaagctcgctggcttcgagaaagatggctat
ggtaagctgccggtctgtatggccaagactcaatattcattttctact
gatccgactcttatgggcgctccctctggtcatctggtttctgtgcgc
gatgttcgcctctctgctggcgctggcttcgttgttgttatttgtggt
gagattatgaccatgccgggtctgccgaaggttccagcagcagatact
attcgcctcgatgctaacggtcagattgatgggctgttctag 

ppk12 ATGATTAACATCTACAAGATCGACAAACTTAACAACTTTAACCTGAAT
AACCACAAGACCGACGACTACTCTCTTTGTAAGGATAAGGATACTGCT
CTGGAGCTTACTCAGAAGAACATCCAGAAAATTTATGATTATCAGCAA
AAATTGTACGCCGAAAAAAAAGAAGGATTGATCATTGCATTCCAAGCA
ATGGATGCCGCCGGTAAGGATGGAACTATCCGTGAGGTGTTAAAAGCC
CTGGCTCCCCAAGGAGTGCACGAGAAGCCCTTCAAGTCCCCATCGAGT
ACCGAGCTTGCCCACGATTACTTGTGGCGCGTACACAATGCCGTACCT
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GAAAAAGGTGAGATCACAATTTTTAACCGTAGTCATTACGAAGACGTA
TTGATTGGAAAGGTTAAGGAGCTTTATAAATTCCAAAACAAAGCGGAT
CGCATTGACGAGAACACGGTAGTTGACAATCGTTATGAGGATATTCGT
AACTTTGAGAAATACTTATATAATAATTCAGTCCGCATTATCAAAATT
TTTTTGAACGTGTCTAAAAAAGAACAGGCCGAACGTTTCTTATCGCGT
ATTGAGGAACCGGAAAAGAACTGGAAATTTTCCGACAGTGATTTCGAG
GAGCGTGTATATTGGGACAAATATCAACAGGCTTTCGAAGATGCAATT
AACGCAACGTCTACGAAGGATTGTCCTTGGTACGTCGTGCCTGCTGAT
CGCAAATGGTATATGCGCTATGTTGTTTCCGAAATCGTGGTCAAGACC
TTAGAAGAGATGAACCCTAAGTACCCTACCGTCACCAAAGAGACCCTG
GAGCGTTTTGAAGGTTATCGTACAAAGCTTCTGGAAGAGTATAACTAC
GACTTGGATACTATCCGTCCCATCGAGAAA 

fdh_At atgaaacaggcgagcagtggagacagtaaaaagatcgtgggagtgttc
tataaggccaacgagtacgccaccaagaacccgaacttcctgggctgt
gtagagaatgcgctgggcattcgggactggctggaatctcaaggtcac
cagtacatcgtgacggacgataaggagggaccagattgcgagctggag
aagcacattccagatttacacgtgttaatttcaacgccgttccatcct
gcgtatgtcacggccgagcgcattaagaaggcaaaaaacttaaagctg
ctgctgacggcgggcatcggaagtgaccacattgacctgcaggcggcg
gcagcggcaggtttaacggtggccgaagtgactggaagcaatgtggta
agtgtcgcagaggatgaactgatgcggatactgatcttaatgcgcaat
ttcgtccctggttataaccaagttgtcaaaggcgagtggaatgtggcc
ggcatagcataccgcgcgtatgacctggagggtaaaacgatcggcact
gtcggagctggcagaattggcaagttgttattacaaagactgaagccc
tttggatgtaacctgctgtaccacgatcgccttcagatggcaccagaa
ctggaaaaggagactggagccaagtttgtggaagacttgaatgaaatg
cttccgaagtgtgacgttatcgtgatcaatatgccattaacggaaaag
acgcgtggaatgttcaataaggagttaattggaaaacttaagaagggt
gtgttaattgtgaacaatgcccgtggtgcgattatggagcgccaagcc
gttgtggacgctgtcgagtcaggtcatatcggaggttactcaggcgat
gtctgggacccgcaacctgctccgaaggatcacccgtggcgatatatg
ccaaatcaagcgatgactccgcacacgagtggaacgacaattgacgcg
caattaagatatgctgctgggacaaaggatatgctagaacgctatttt
aagggcgaggactttcctactgaaaactacatcgttaaggatggcgag
ttagcgccacaataccgatga 

fdh_Cm ATGAAGATTGTACTTGTCTTGTATGACGCAGGTAAGCACGCAGCGGAC
GAGGAGAAGTTGTATGGTTGCACCGAAAACAAGTTAGGGATTGCAAAC
TGGCTGAAGGATCAGGGACATGAACTGATTACGACTAGCGACAAAGAA
GGTGAAACCAGCGAGCTTGATAAACATATCCCCGACGCGGATATTATC
ATTACGACGCCATTCCATCCTGCCTATATCACGAAAGAGCGTCTTGAT
AAGGCGAAGAATCTTAAGAGTGTCGTAGTCGCAGGCGTCGGTTCGGAC
CACATCGACCTTGATTACATCAACCAAACAGGGAAAAAGATTTCGGTA
CTTGAGGTGACAGGTTCAAATGTTGTCTCTGTAGCTGAGCATGTCGTA
ATGACGATGTTAGTGCTGGTGCGCAACTTCGTGCCCGCTCATGAACAA
ATTATCAACCACGATTGGGAGGTTGCAGCGATTGCCAAGGACGCCTAT
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GATATTGAGGGTAAGACCATCGCTACGATCGGTGCCGGTCGTATCGGC
TACCGCGTTCTTGAGCGTTTACTGCCATTCAATCCCAAGGAGTTATTA
TATTACTCTCTTCAAGCTCTTCCTAAAGAAGCAGAGGAGAAAGTGGGG
GCACGTCGTGTCGAAAATATTGAAGAGTTGGTCGCTCAGGCTGACATC
GTCACCGTGAACGCGCCATTACACGCCGGCACAAAGGGTCTTATTAAC
AAGGAGCTGCTGAGCAAGTTTAAGAAAGGTGCGTGGCTGGTAAATACG
GCACGTGGGGCTATTTGTGTCGCGGAAGACGTTGCCGCAGCTCTGGAG
TCAGGTCAGTTGCGTGGATATGGCGGGGATGTATGGTTCCCTCAACCA
GCGCCTAAGGATCACCCTTGGCGTGATATGCGTAACAAATACGGCGCA
GGTAACGCAATGACTCCGCACTACTCAGGGACAACACTTGACGCACAG
ACACGTTATGCGGAGGGAACCAAAAACATTTTGGAAAGCTTTTTCACG
GGTAAATTTGATTACCGCCCCCAAGACATCATCCTTTTGAATGGCGAA
TACGTTACTAAGGCATACGGAAAGCATGACAAGAAATGA 

deGFP AGCTTTTCACTGGCGTTGTTCCCATCCTGGTCGAGCTGGACGGCGACG
TAAACGGCCACAAGTTCAGCGTGTCCGGCGAGGGCGAGGGCGATGCCA
CCTACGGCAAGCTGACCCTGAAGTTCATCTGCACCACCGGCAAGCTGC
CCGTGCCCTGGCCCACCCTCGTGACCACCCTGACCTACGGCGTGCAGT
GCTTCAGCCGCTACCCCGACCACATGAAGCAGCACGACTTCTTCAAGT
CCGCCATGCCCGAAGGCTACGTCCAGGAGCGCACCATCTTCTTCAAGG
ACGACGGCAACTACAAGACCCGCGCCGAGGTGAAGTTCGAGGGCGACA
CCCTGGTGAACCGCATCGAGCTGAAGGGCATCGACTTCAAGGAGGACG
GCAACATCCTGGGGCACAAGCTGGAGTACAACTACAACAGCCACAACG
TCTATATCATGGCCGACAAGCAGAAGAACGGCATCAAGGTGAACTTCA
AGATCCGCCACAACATCGAGGACGGCAGCGTGCAGCTCGCCGACCACT
ACCAGCAGAACACCCCCATCGGCGACGGCCCCGTGCTGCTGCCCGACA
ACCACTACCTGAGCACCCAGTCCGCCCTGAGCAAAGACCCCAACGAGA
AGCGCGATCACATGGTCCTGCTGGAGTTCGTGACCGCCGCCGGGATC 
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Supplementary Methods 

Methods S1. Comparative sequence analysis of enzyme isoforms 

BRENDA Enzyme Database and UniProt were searched for PLP-dependent L-serine 

ammonia-lyase (EC 4.3.1.17) and threonine ammonia-lyase (EC 4.3.1.19) isoforms 

from single-celled organisms. Isoforms were down-selected based on previous 

examples of functional enzyme expression in E. coli. Multiple sequence analysis (MSA) 

to determine the presence of AMP binding sites was conducted using Clustal Omega. 

Protein sequences were gathered from UniProt. Analysis of homology across organisms 

was performed manually.  

Methods  S2. Technoeconomic analysis 

The analysis was carried out assuming electrocatalytically generated formate from CO2 

as the sole feedstock and with in situ regeneration of cofactors. In our TEA model, we 

also use the “nth” plant assumption, in which the cost assumptions reflect a future time 

when the technology is well established, and several plants have already been built and 

are operating. This simplification allows us to avoid accounting for start-up costs and 

focus on the cost of operation. The specific “nth” cost and financial assumptions are 

listed elsewhere 8. Additional technical assumptions to perform the TEA are listed in 

Table S2. A process block flow diagram of the CFE to produce malate is shown in 

Figure 7A. The process economic results are presented in terms of minimum selling 

price (MSP) on a dollar per kg basis, which is determined by using a discounted cash 

flow analysis method. All costs in this article are presented on a 2020 constant US 

dollar basis.  
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Malate has a market price of $1.8/kg in 2016 9. Its U.S. consumption is 15,100 

metric tons/year and 16,900 metric tons/year in 2016 and 2021, respectively, with an 

annual growth rate of 2-3% 9. Based on the average ethanol plant scale in the U.S., 

electrochemical conversion efficiency, and product titers, malate production from the cell 

free process is estimated at 36,510 metric tons/year. Therefore, the effluent CO2 stream 

from a single ethanol plant could already fulfill the U.S. malate market. TEA suggests 

that the MSP of malic acid from this technology is about $9.63/kg (Table S3).  

Methods S3. Preparation of cell-free bioproduction reagents and reactions 

For reactions including fdh, formate was prepared as a potassium formate solution to 

buffer the reaction. For reactions including sda, iron was prepared as ferrous (Fe2+) 

ammonium sulfate and ferric (Fe3+) ammonium sulfate and mixed at equimolar 

concentrations to account for both possible oxidation states of iron-sulfur cluster 

proteins. Dithiothreitol (DTT) and ascorbic acid were prepared fresh as 25 mM aqueous 

stocks. For reactions including pyc, hydroxycitrate was sourced from MedChemExpress 

(HY-W009156) as hydroxycitric acid tripotassium salt. Magnesium was prepared as 

magnesium acetate. 

For biosynthesis reactions, master mixes were prepared by adding concentrated stocks 

of all substrates and cofactors required for each enzyme either by hand or using an 

acoustic liquid handler robot (Echo Labcyte 525). Reaction conditions for each 

experiment are illustrated in the figures. Master mixes were split into 22.5 μL aliquots 

and 2.5 μL of CFE-expressed enzymes were added to each reaction. For negative 

control or “no pathway” reactions, 5 nM of deGFP was expressed in CFE and added to 
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reactions to maintain similar levels of endogenous proteins and metabolites as the 

reactions containing pathway enzymes. For time course reactions, larger cell-free 

biosynthesis reactions were split into individual 25 uL technical replicates. Technical 

replicates were sacrificed for each time point. 

Methods S4. CO2 quantification with GC/MS 

Samples were analyzed via Agilent 5973 GC/MS using a HP-5MS 5% Phenyl Methyl 

Siloxane column. An isocratic method was used, maintaining the oven temperature at 

30°C over 4 minutes. The front inlet temperature was set to 250°C at a pressure of 9.5 

psi. The column flow was maintained at .8 mL/min using acetone as the solvent. The 

split-splitless inlet flow rate (H2) was maintained at 11.2mL/min.  

For reactions measured via GC/MS, reactions were carried out in 100 µL volume in 

GC/MS vials. 0.5 mL of the reaction headspace was injected into the GC/MS using a 

GC syringe needle.  
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Abstract 

​​The CRISPR-Cas system has enabled the development of sophisticated, 

multi-gene metabolic engineering programs through the use of guide RNA-directed 

activation or repression of target genes.  To optimize biosynthetic pathways in microbial 

systems, we need improved models to inform design and implementation of 

transcriptional programs. Recent progress has resulted in new modeling approaches for 

identifying gene targets and predicting the efficacy of guide RNA targeting. 

Genome-scale and flux balance models have successfully been applied to identify 

targets for improving biosynthetic production yields using combinatorial 

CRISPR-interference (CRISPRi) programs. The advent of new approaches for tunable 

and dynamic CRISPR activation (CRISPRa) promises to further advance these 

engineering capabilities. Once appropriate targets are identified, guide RNA prediction 

models can lead to increased efficacy in gene targeting. Developing improved models 

and  incorporating approaches from machine learning may be able to overcome current 

limitations and greatly expand the capabilities of CRISPR-Cas9 tools for metabolic 

engineering. 
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Introduction 

The CRISPR-Cas9 system has enabled sophisticated, multi-gene metabolic 

engineering programs in a variety of organisms 1,2,3. Catalytically inactive Cas9 (dCas9) 

has proven to be a powerful tool for gene regulation due to its ability for programmable 

RNA-guided DNA binding, allowing it to be used for CRISPR-interference (CRISPRi) or 

CRISPR-activation (CRISPRa) 4,5. CRISPRi blocks transcription by recruiting dCas9 or 

a transcriptional repressor to the promoter or open reading frame (ORF) of a gene of 

interest, while CRISPRa increases transcription through recruitment of a transcriptional 

activator to the promoter region. dCas9 can be recruited to a specific DNA sequence 

through the use of modified guide RNAs (gRNAs) known as single guide RNAs 

(sgRNAs) or scaffold RNAs (scRNAs) that recognize targets based on Watson-Crick 

base pairing 6. scRNAs mediate CRISPRa by acting as sgRNAs with RNA hairpins 

appended at the 3’ end to recruit activator domains to the CRISPR complex 6,7. 

Orthogonal gRNAs can be used for multi-gene metabolic engineering platforms capable 

of targeting an arbitrary set of endogenous and heterologous targets 8.  

Metabolic engineering is currently limited by our incomplete understanding of the 

native gene regulatory networks in the cell and our inability to predictably regulate target 

gene expression 9. For effective metabolic engineering programs, models are needed to 

both identify gene targets and implement effective transcriptional programs. Recently, 

systems-level modeling has sought to overcome these limitations. The applications of 

biological modeling for CRISPR-based metabolic engineering typically fall into one of 

two main categories: (1) using modeling tools to predict favorable gene targets 10–12, and 

(2) gRNA design to improve on-target efficiency and reduce off-target effects 13–15. 

Constraint-based genome-scale modeling is a commonly used approach for suggesting 

CRISPRi gene knockdown targets predicted to yield improved titers 12,16. Several recent 

theoretical and experimental works have shown CRISPRi targeting to be effective for 

redirecting metabolic flux 1,12,16,17. Additionally, the development of microbial CRISPRa 

has enabled activation of targets in the genome that can direct flux towards a pathway 

of interest 5,18. Algorithms that can simultaneously recommend targets for up- and down- 
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regulation will greatly advance our control of metabolic flux. Once targets have been 

identified, effective gRNAs are needed to implement the desired perturbation. gRNA 

design tools typically make predictions from biophysical models that determine the free 

energies of RNA folding and RNA:DNA hybridization, genome-wide screens that rely on 

empirical data-driven approaches, or some combination of the two methods. In both 

cases, models have been used to learn rules for sgRNA sequence design to enable 

highly efficient genome targeting for both metabolic engineering and gene editing 

applications. In this review, we will discuss the current state and outstanding limitations 

of CRISPR-based metabolic engineering, as well as how systems level modeling tools 

will help advance the field. 

 

Genome-scale modeling for CRISPR-based metabolic engineering  

There is a prevailing question in metabolic engineering as to which genes to 

perturb and how much to up- or down-regulate their expression to achieve a desired 

phenotype. Engineers aim to divert flux away from competing pathways and maximize 

flux through their desired pathway. However, strongly repressing genes involved in 

essential pathways, such as central carbon metabolism or amino acid biosynthesis, can 

have deleterious effects on the organism including growth defects, undesired mutations 
19,20. Similarly, overexpression of some pathways can lead to metabolic burden or 

toxicity 21,22. Therefore, engineers have turned to model-guided metabolic engineering 

platforms to provide insight into which genes to target and how strongly to activate or 

repress them to maximize product yield and accelerate the design-build-test-learn 

(DBTL) cycle. 

Genome-scale metabolic models (GEMs) are mathematical representations of 

metabolic networks based on experimental data and biochemical assumptions such as 

steady-state. Flux balance analysis (FBA) is one method to predict the movement of 

metabolites through a GEM. Algorithms such as FBA make use of a user-defined 

objective function and other constraints defined by the GEM to provide insight into 

phenotypic effects of genetic perturbations 23. FBA is based on constructing the 

objective function, assuming steady-state, and the use of linear programming to solve 
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for a flux distribution. The flux distribution output fulfills the constraints derived by the 

GEM and optimizes the user-defined objective function 24,25. The solver will maximize or 

minimize the objective function depending on the user definition. The choice of the 

objective function has a large effect on the output flux distribution and therefore the 

closeness of the distribution to measured data 26,27. In industrial biotechnology, 

algorithms derived from FBA have long been used to identify genetic interventions that 

maximize product yield 28–30.  

Traditionally, genetic interventions are implemented through strain engineering to 

create knockouts or heterologously overexpress pathway genes. However, there are 

recent examples of more complex tools that can recommend optimal enzyme levels 31,32 

or targets for dynamic regulation 33,34. CRISPR systems may be particularly well-suited 

for implementing recommendations from these tools due to their tunable and dynamic 

capabilities. Additionally, there is growing attention in the use of the CRISPRa/i system 

to regulate gene targets identified through flux balance analysis 17,35–37. Still, there is a 

gap in our ability to reliably predict the degree to which a CRISPRa/i perturbation will 

affect gene expression, and the degree to which changes in expression will affect 

enzyme activity for a given gene 38,39.   

Although there are many methods able to recommend multiplexed interventions 

from GEMs, slow strain engineering cycles often limits the ability to broadly explore 

these design spaces 28,40. The use of CRISPR tools to implement perturbations may 

address this limitation. The demonstrated ability to simultaneously activate and repress 

multiple genes using CRISPRa/i in microorganisms is a fairly recent development. Lian 

and colleagues were the first to demonstrate a tri-functional CRISPR system; taking 

advantage of activation, interference, and deletion in yeast 2. Their system achieved 

significantly improved titers of two metabolic engineering targets through combinatorial 

perturbations of up to 36 genes. Similar tri-functional systems have yet to be 

demonstrated in other model organisms for biosynthesis. However, other experimental 

work has shown that combining CRISPRa/i control can help improve titers over a single 

method of regulation 2,8,41. There are several notable examples of strain design 

algorithms that use genome-scale models to recommend perturbations to multiple 

genes through multiplexed activation, repression, and knockouts 28–30,40,42–44. These tools 
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are particularly well suited for use with multi-functional CRISPR-based metabolic 

engineering programs as perturbations can be quickly implemented in combination. 

However, none of these strain design tools have been validated with CRISPR-based 

perturbations. Instead, most strain engineering has been achieved through gene 

knockouts and heterologous overexpression. The use of multi-functional CRISPR tools 

could greatly accelerate the prototyping of strains recommended by these algorithms, 

providing insight into the effects of finely-tuned and combined perturbations.   

To take greater advantage of the tunability accessible with CRISPR tools, current 

strain design tools may need to be adapted. Updating constraint-based genome-scale 

models that focus solely on deletion or knockdowns to allow activation through a given 

pathway should be straightforward 28,42. CRISPR-Cas tools have made it faster and 

easier to implement multi-functional metabolic engineering programs. Therefore, 

engineers should be encouraged to use computational tools that match their 

experimental capabilities. 
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Figure 1. Current tools and opportunities for improvement of genome-scale models for 

metabolic engineering. 

 

In recent years, the development of CRISPR tools has enabled programmable 

regulation at genomic targets in a wide array of novel microbes 45. However, identifying 

relevant targets for metabolic engineering can be challenging for microbes with 

industrially useful but understudied metabolisms. To address this issue, computational 

tools can be used to generate novel metabolic models. Model reconstruction can be 

achieved using species-specific genomic data and “top-down” or “bottom-up” 

reconstruction methods, or through a combination of these approaches 46–49. Typically, 

“top-down” approaches use a universal template model to assist with gap-filling, while a 

“bottom-up” approach may rely more on sequence homology and experimental data to 

derive metabolic network topologies 46–49. Crucially, these tools minimize the need for 

manual construction and are broadly applicable to diverse bacterial species. Recent 

work has demonstrated that the development of genome-scale models can be 

transformative for realizing the potential for metabolic engineering for non-model 

organisms with unique, desirable metabolic properties 50. For example, a previously 

published GEM and thermodynamic model of the Wood-Ljungdahl pathway in 

Clostridium ljungdahlii provided novel insights on autotrophic metabolism and potential 

pathways to high-value products generated from syngas. This model then informed the 

first example of CRISPRi-based metabolic engineering in Clostridium ljungdahlii several 

years later 51–53.  

To circumvent the need for a new model of each unique organism’s metabolism, 

several groups have developed machine learning-based (ML) strain design tools. These 

tools are able to recommend targets to improve bioproduction and accelerate the DBTL 

cycle without a full mechanistic understanding of the biological system 31,54,55. Both the 

Automated Recommendation Tool (ART) and EVOLVE use Bayesian ensemble 

approaches to make strain recommendations with minimal training instances 31,54. 

Bayesian models often outperform other ML algorithms on datasets that are small or 

noisy, making them a common choice for biological datasets 55. From initial 

experimentation, the user provides input parameters such as transcriptome data or 
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promoter strengths, as well as the observed output, e.g. product yield. The model then 

returns predicted output levels for different input profiles. In a direct comparison of ART 

and EVOLVE, the tools showed similar overall performances for recommendations of 

promoter strengths for a five-gene tryptophan overproduction strain 54.   

While a meaningful step towards realizing an organism-agnostic model for 

metabolic engineering, machine learning approaches typically require a great deal of 

input data to generate a predictive model. Moreover, current ML based methods are 

generally unable to provide a rationale for their predictions. The difficulty in automated 

and high-throughput data collection and analysis is a major challenge to the practical 

use of machine learning methods for synthetic biology. An integrative tool that combines 

machine learning techniques and genome-scale modeling may offer the predictive 

power of machine learning algorithms with minimal training data 54. This could 

theoretically be achieved by feeding fluxes determined from the literature and GEM 

simulations as inputs to existing machine learning tools. In addition, by combining ML 

with mechanistic modeling, better insights can be achieved to understand why a given 

set of perturbations fails to achieve a desired phenotype. 

Cell-free systems (CFS) have recently gained popularity as a means for rapidly 

prototyping metabolic engineering programs and improving experimental throughput 
56,57. The use of CFS as a metabolic engineering platform offers many advantages over 

traditional in vivo systems, such as reduced carbon diversion towards endogenous 

metabolism and potential for exotic and toxic chemistries 58–60. However, models of CFS 

tend to focus on protein expression and resource competition and lack consideration for 

the presence of central metabolism and endogenous enzymes in the CFS 61–66. 

Recently, Martin et al. constructed a kinetic model of butanol production in a non-steady 

state CFS 67. Their model incorporated over 200 reactions, metabolites, and 

inhibitor-enzyme pairs to accurately capture interactions between heterologous and 

endogenous metabolic networks and offer unintuitive predictions to improve butanol 

production. Their model was effective in identifying aldehyde dehydrogenase as the 

step with the most flux control using minimal training data, and lending insights into the 

effect of pairwise perturbations on butanol production. While these insights may have 

been possible without a large ensemble modeling approach, a significant advantage of 
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the ensemble is that the scope of the model may lend itself well for being easily applied 

to other cell-free metabolic engineering efforts with minimal training data.  Still, the 

process of generating individual knockout strains and cell-free lysates can be 

time-intensive. To address this limitation, other work from this group has explored the 

use of multiplexed CRISPR tools in a S. cerevisiae CFS to improve production of 

2,3-butanediol 68. The use of CRISPR tools allowed the authors to rapidly assess 

combinatorial perturbations in the CFS without the need for extensive engineering of the 

underlying lysate strain. Further work to integrate these two efforts by screening 

model-informed combinatorial CRISPR perturbations may greatly accelerate DBTL 

cycles for cell-free metabolic engineering.  

Metabolic engineers have long been interested in leveraging dynamic control to 

separate growth and production phases, maintain healthy cell growth, and ultimately 

improve product yields 69,70. Dynamic regulation can describe simple systems that rely 

on addition of inducers to initiate gene expression, and autonomous systems that 

regulate flux based on sensing the internal state of the cell 69,71. As chemical inducers 

are often too expensive for large-scale fermentation, there is growing interest in the 

rational design of self-regulating gene expression programs 19. For effective dynamic 

regulation, metabolic engineers may require simultaneous overexpression and 

repression at several gene targets 70,72. Engineers must also avoid redundant genetic 

sequences, such as the repeated use of inducible promoters, as they may be prone to 

recombination 73. The programmability and orthogonality of the CRISPR system 

addresses these challenges, and has enabled significant improvements in the ability of 

synthetic biologists to dynamically control genes in response to environmental stimuli 
74–76.  

Despite the advantages of CRISPR tools, it remains difficult to implement 

regulation at the correct time and intensity during fermentation. For example, dynamic 

control in response to the presence of a toxic intermediate must be rapid and sensitive 

to prevent accumulation while maintaining flux through the desired pathway 69,71,77. To 

date, most algorithms recommending perturbations have been limited to static control, 

leaving them unable to provide valuable insight as to when and how to implement 

dynamic control 78. A model for dynamic control would be difficult to construct in practice 
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as it may require further parameterization to understand how implementing 

perturbations at different stages of growth affects metabolism 79. The integration of 

mathematical optimization with kinetic models of gene expression will improve our 

ability to predictably implement dynamic control for metabolic engineering programs 

using CRISPR-Cas systems 36,80.  

 

Model-informed guide RNA design 

gRNA design tools typically aim to maximize either gRNA specificity or efficiency. 

gRNA specificity is important to ensure that a given gRNA does not bind off-target in the 

genome, causing undesired growth defects or changes to metabolism. Tools for gRNA 

efficiency also ensure that the designed gRNA will fold properly, based on predicted 

RNA structure and sequence context. There are several recent reviews discussing 

gRNA design in great detail with focuses on machine learning and web-based tools 81,82. 

In this review, we focus on models with the greatest impact for constructing multi-gene 

biosynthetic programs. Therefore, special attention is paid to models that give 

consideration to systems-level design, CRISPRa/i efficiency, gRNA competition, and 

portability to microorganisms.   

 There have been many models developed to predict gRNA performance, 

quantified by off- and on-target effects, using combinations of machine learning 38,82–84, 

kinetic 85,86, and thermodynamic models 14,85,87. While early gRNA prediction models 

have been around for nearly a decade, it was only recently that large-scale models were 

updated to include functionality for CRISPRa/i targeting in addition to genome editing 88. 

For CRISPRa, predicting high-performing guides may be challenging as targetable 

positions are limited to PAMs in the promoter region. CRISPRi target positions are more 

flexible, but knockdowns closer to the TSS have been shown to be more effective 89. 

Therefore, there is significant interest in computational models that can predict ideal 

target sites and guide RNA sequences  for a gene of interest.  

The target sequence has been shown to have large effects on the degree of 

repression or activation achievable with CRISPRa/i control, in part due to both primary 

sequence composition and secondary structure of the gRNA 9,90,91. CRISPRa/i control is 
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highly sensitive to target sequence composition in both prokaryotic and eukaryotic 

systems. However, models that rely solely on gRNA sequence information are vastly 

outperformed by those that incorporate sequence context and structural information as 

well, highlighting the complexity of effective gRNA design 83,92. gRNA efficiency is highly 

influenced by sequence context, both with respect to the sequence surrounding the 

PAM site 87 and the local structure at the target site 93,94. Farasat & Salis (2016) 

demonstrated the importance of incorporating sequence context and structural 

information into gRNA design by developing an integrative biophysical model of 

CRISPR-Cas9 activity. Their model incorporates statistical thermodynamics and kinetics 

with next-gen sequencing data on on- and off-target specificity to build a system-wide 

understanding of Cas9 on- and off-target effects in the genome 86. Their mechanistic 

model includes kinetic representations of gRNA expression and folding, as well as 

thermodynamic representations of gRNA-Cas9 binding and Cas9-DNA binding. With 

this model, they unveil novel insights about differences in Cas9 off-target activity across 

organisms that previous studies focusing on gRNA sequence failed to identify. 

According to their model, the PAM-proximal seed region is the most important 

determinant for dCas9 binding affinity. Other kinetic models have found the free-energy 

change from the formation of the R-loop needed for DNA displacement is crucial for 

dictating Cas9 efficiency 95. These results may be important considerations for the 

design of effective gRNAs, especially for targets with few available PAM sites. 

A great deal about the tunability of CRISPR systems has been learned through 

the development and implementation of gRNA models. The use of truncated and 

mismatched gRNAs to tune the level of response in CRISPRa/i systems 96, a rule now 

leveraged often in metabolic engineering applications 97, was described in the 

CRISPRscan model 98,99. The use of mismatched sgRNAs for systematic titration of 

gene expression has further been modeled by Jost et al. 100. When using truncations or 

mismatches to tune CRISPR activity, the potential for off-target effects increases as 

gRNA specificity decreases. These models provide important rules for the design of 

effective guides.  
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Figure 2. Current considerations and opportunities for improvement of gRNA design 

tools for metabolic engineering. 

 

​ Many gRNA models developed for eukaryotic systems are not portable to 

prokaryotic systems, and vice-versa. Differences in genome organization and rules for 

effective interference and activation limit the generalizability of these models across 

branches of life. Wang & Zhang sought to overcome this limitation by developing a deep 

learning model based on RNA folding parameters, melting temperatures, and 

experimental data from bacterial cells to accurately predict on- and off-target activities 

for genome targeting sgRNAs and then use transfer learning to apply their model to 

eukaryotic systems as well 84. Transfer learning is a form of machine learning useful to 

transfer parameters optimized from one dataset to another model with limited data.  

However, their experimental results confirmed previous findings 101,102 that gRNA activity 

prediction models developed for eukarya or prokarya are not appropriate for the other, 

likely due to differences in chromatin structure and genome organization. For microbial 

metabolic engineering, this results in a limited number of reliable gRNA design tools. 

Human cell lines are the most popular chassis for the creation of guide prediction 

models and software. However, these models are generally not transferable to 

metabolic engineering contexts, which typically require an understanding of CRISPR 

performance in bacteria or yeast. There is a clear need in the field for a gRNA prediction 

software suited towards metabolic engineers; that can accurately predict on- and 

off-target gRNA performance in relevant model organisms. 
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Beyond predicting gRNA efficiency for a single gene target, several models have 

investigated the impact of resource competition on the efficacy of CRISPR 

perturbations. Specifically, the decrease in CRISPR efficiency that occurs as a result of 

dCas9 resource competition from expressing multiple orthogonal gRNAs is 

well-characterized 95,103–105. Clamons & Murray proposed a straightforward model for 

resource competition in which the expression of competing gRNAs reduces the 

available pool of CRISPR complexes able to perform CRISPRi at each target site by 

roughly 1/N, where N is the number of gRNAs. The Clamons & Murray model suggests 

that CRISPRa is more tolerant to resource competition than CRISPRi, however 

subsequent work has challenged this claim 106. In practice, CRISPRa is likely similarly 

affected by resource competition as CRISPRi because the number of activator 

complexes in the cell may be limiting. Recently, Barbier et al. showed that differences in 

gRNA binding affinities between scRNAs and sgRNAs leads to difficulty in predicting the 

behavior of combined CRISPRa/i programs in bacteria 107. Through the use of a 

mathematical model for dCas9 resource competition and experimental validation, they 

demonstrated that using gRNAs with similar structures reduces differences in gRNA 

binding affinity and improves the function of multi-gRNA programs. These results 

suggest that the use of computational tools for predicting gRNA folding and dCas9 

binding affinity will be crucial for constructing effective multi-gene CRISPRa/i metabolic 

engineering programs. 

While resource competition in CRISPRa and CRISPRi has been modeled for 

basic regulatory networks, the effect of dCas9 and activator resource competition on 

metabolic engineering productivity remains understudied. This is due in part to a lack of 

integrative models that consider the capabilities of CRISPR systems while making strain 

recommendations. For example, a model that can account for gRNA competition as the 

number of genomic targets increases may help engineers prioritize which sets of genes 

to target. Incorporating a simple gRNA competition model into strain recommendation 

tools would be straightforward; however, more complex gRNA considerations such as 

target sequence context may be more difficult to integrate.  Moving forward, these 

integrative models will be an important consideration when building large combinatorial 

metabolic engineering platforms that aim to simultaneously up- and down- regulate 
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multiple genes, as there is an inherent tradeoff between the number of targets and the 

degree of perturbation. 

 

Outlook and Future Directions 

​ Significant advances in metabolic engineering have been achieved through the 

use of model-informed CRISPR transcriptional control programs. Models have enabled 

the prediction of effective gene targets for perturbation and the rational design of high 

performing gRNA sequences. Still, there are many limitations to existing tools that, if 

overcome, would yield substantial benefits to the field of metabolic engineering. Current 

models are helpful for identifying targets for up- or down-regulation 10–12,16,17,35,36,80,108, but 

cannot effectively predict the optimal amount of intervention, as total activation or 

repression of a gene is rarely the optimal perturbation 19,37,55. Furthermore, CRISPRa/i 

tools will enable improved dynamic control over metabolic engineering programs 22. As 

dynamic control becomes more prevalent, models able to integrate kinetic predictions 

with strain optimization will prove increasingly valuable.  

​ CRISPR-Cas systems offer several advantages over other gene regulation tools 

that make them particularly well-suited for implementing model-driven 

recommendations. Compared to other tools such as ZF or TALE proteins, CRISPR tools 

have more ease of programmability, higher modularity and multiplexing capabilities, and 

lower off-target effects 109,110. Additionally, over the last several years, CRISPR-Cas tools 

have been developed in a diverse range of microorganisms, expanding the scope of 

available chassis for metabolic engineering beyond traditional hosts. While numerous 

systems are available for implementing genetic interventions, CRISPR-based tools are 

uniquely able to accelerate engineering and DBTL cycles for strain design informed by 

genome-scale modeling 109.  

​ Synthetic biologists have recently become interested in how machine learning 

can advance metabolic engineering goals 111. The design of effective gRNAs is a 

well-suited problem for machine learning. The value of machine learning for gRNA 

design has been demonstrated by the use of a deep learning algorithm to predict gRNA 

on- and off-target effects for dCas13, a relatively understudied Cas variant 112. Yu et al. 
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recently developed a machine learning approach using publicly available depletion 

screens for prediction of CRISPRi guide efficiency that outperformed previous models. 

In addition, their model highlights the importance of gene expression levels and 

gene-specific features in making accurate predictions, providing novel insights into the 

understanding of CRISPRi screens for future work 38.  There are already many existing 

datasets and large libraries that can easily be screened in a high-throughput fashion if 

linked to a fitness score 113,114 or biosensor output 115,116.   

For strain design, the use of machine learning is less straightforward. Ideally, 

machine learning-based strain design algorithms would be fit on multi-omics datasets, 

including transcriptome, proteome, and metabolome data 31,117. Minimally, metabolomics 

data would be needed to relate strain genotypes to production phenotypes 97,117. 

Alternatively, metabolite-responsive biosensors can be used to generate input data, but 

this approach is restricted by the space of available biosensors and their respective 

dynamic ranges 54,118. Additionally, biosensor outputs do not necessarily correlate 

strongly with measured metabolite production 54. In any case, the time, labor, and costs 

required to collect sufficient perturbation data to create an effective model is limiting 111. 

Porting a model to another organism, or the same organism with a novel heterologous 

pathway, may lead to a decrease in predictive power without the collection of new 

training data. Alternatively, the use of mechanistic models leads to hypothesis-driven 

experimentation, which is more cost and time efficient in the near- and long-term. 

Additionally, there is still interest in understanding the underlying mechanisms behind 

genotype/phenotype relationships. The use of machine learning hides these 

relationships, which can introduce challenges when trying to understand how or why 

machine-learning aided design fails.  

The use of constraint-based genome-scale models has been shown to be useful 

for predicting the phenotypic effect of knockouts. However, such models are less 

informative when making predictions based on more subtle changes to protein 

expression, which may be achieved through CRISPR control. Metabolic pathways 

include gene regulatory networks, and allosteric and feedback control, both of which 

play critical roles in shaping an organism’s phenotype. For example, changing the 

expression level of a single gene will change metabolite levels which, through feedback 
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mechanisms, will cause changes in protein expression at other sites, resulting in further 

downstream effects. Such effects cannot be easily captured by current constraint-based 

models.  

Ideally, more detailed kinetic models could be developed to address challenges 

like feedback effects and regulatory networks, allowing metabolic engineers to make 

more precise predictions. While kinetic models are difficult to build, there is a growing 

list of success stories. For example, Martin et al. 67 built an in vitro pathway model of 

butanol production consisting of over 200 reactions, van Niekerk et al. 119 developed a 

detailed and validated model of energy metabolism in P. falciparum, and Millard et al. 120 

built a validated kinetic model of core metabolism in E. coli. As kinetic models become 

larger, there is also growing importance in the reproducibility of these models 121, as a 

considerable amount of intellectual effort and expense is used to develop them. 

Other modeling approaches include building approximate kinetic models based 

on lin-log kinetics 122,123. Approximate kinetic models are simpler than full mechanistic 

models, while also giving engineers direct access to the pathway sensitivities through 

metabolic control analysis 67,122. However, a disadvantage of lin-log models is that their 

predictive power drops if changes in gene expression are too large. Nevertheless, these 

models may still be able to predict the most promising sites for CRISPR perturbations.  

As the available toolbox for metabolic engineering using CRISPR/Cas tools 

grows, the need for quantitative and predictive models to inform experiments will 

become increasingly valuable. Integrative models capable of suggesting genetic 

perturbations, selecting effective gRNAs, and composing selections into large 

multi-gene CRISPRa/i programs will greatly improve our ability to rapidly survey 

combinatorial perturbations and accelerate the DBTL cycle.  
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Abstract 

Robust control over gene translation at arbitrary mRNA targets is an outstanding challenge 

in microbial synthetic biology. The development of tools that can regulate translation will 

greatly expand our ability to precisely control genes across the genome. In E. coli, most 

genes are contained in multi-gene operons, which are subject to polar effects where 

targeting one gene for repression leads to silencing of other genes in the same operon. 

These effects pose a challenge for independently regulating individual genes in 

multi-gene operons. Here, we use CRISPR-dCas13 to address this challenge. We find 

dCas13-mediated repression exhibits up to 6-fold lower polar effects compared to dCas9. 

We then show that we can selectively activate single genes in a synthetic multi-gene operon 

by coupling dCas9 transcriptional activation of an operon with dCas13 translational 

repression of individual genes within the operon. We also show that dCas13 and dCas9 can 

be multiplexed for improved biosynthesis of a medically-relevant human milk 

oligosaccharide. Taken together, our findings suggest that combining transcriptional and 

translational control can access effects that are difficult to achieve with either mode 

independently. These combined tools for gene regulation will expand our abilities to 

precisely engineer bacteria for biotechnology and perform systematic genetic screens.
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Introduction 

CRISPR-Cas tools have enabled programmable regulation of gene expression in 

bacteria, allowing control of genomic functions and optimization of biosynthetic 

production pathways (1–3). To date, most CRISPR-Cas tools that activate, repress, or 

knockout gene targets in bacteria have been implemented at the DNA level. Despite 

their enormous potential, these DNA targeting systems have important limitations in 

their ability to precisely up- or down-regulate individual bacterial gene targets. One 

major challenge is that targeting one gene in an operon also affects the genes upstream 

or downstream in the same transcriptional unit (4).  In E. coli, 68% of all genes are 

contained in operons containing two or more genes, with some operons containing as 

many as 14 genes (5, 6). The prevalence of these multi-gene operons poses a 

challenge for the regulation of individual genes across the genome. Programmable 

CRISPR-Cas tools that target RNA could potentially overcome this challenge by 

regulating translation of individual genes. 

Programmable RNA targeting with Cas13 has been applied to a variety of 

applications in eukaryotic and bacterial systems (7–9). When assembled with a CRISPR 

RNA (crRNA), Cas13 acts as a crRNA-guided RNA-targeting nuclease. The crRNA 

contains a direct repeat (DR) sequence with a hairpin structure that is bound by Cas13. 

The crRNA also contains a variable length spacer sequence that specifies the target 

RNA (10). In mammalian systems, Cas13 has been used for genome-wide knockdown 

screens, targeted RNA silencing, and nucleic acid detection (8, 11, 12). The use of 

catalytically inactive dCas13 fused to an effector domain has also enabled RNA editing 

and splicing applications (9, 13–15). In E. coli, the use of dCas13 for translational 
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repression (CRISPRi) and activation (CRISPRa) of endogenous transcripts has been 

demonstrated recently (16–19). Despite this progress, research and applications of 

Cas13 as a tool for regulating gene expression in bacteria are still limited compared to 

eukaryotic systems.  

Here, we investigate dCas13 as a tool for programmable gene regulation in 

bacteria. Using catalytically inactive dCas13, we first systematically characterize 

translational silencing (tlCRISPRi) in E. coli with a reporter gene assay. We demonstrate 

tunable repression by varying dCas13 expression levels and guide RNA (gRNA) length, 

and we characterize sensitivity to target site position and transcript abundance. We then 

demonstrate that translational-CRISPRi (tlCRISPRi) with dCas13 can preferentially 

silence specific genes in a multi-gene operon. Although there are still detectable effects 

on other genes in the operon, these effects are substantially smaller than those seen 

from transcriptional CRISPRi (txCRISPRi) with dCas9. We then show that we can 

preferentially activate individual genes in a multi-gene operon by activating the entire 

operon with transcriptional CRISPRa (txCRISPRa), then downregulating individual 

genes using tlCRISPRi. Finally, we demonstrate that multiplexed CRISPRa/i tools 

operating at both the transcriptional and translational levels can be combined to improve 

bioproduction of an important human milk oligosaccharide (HMO) relative to 

transcriptional control alone.  

 

Materials & Methods 

Bacterial Strains and Plasmid Constructs 
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E. coli K-12 MG1655 was the parent strain for all fluorescent reporter experiments. 

JM109, containing a ΔlacZ knockout, was used for LNT biosynthesis experiments. 

JM109 was a gift from Joachim Messing (Addgene plasmid #49761) (20). CK024 was 

constructed by integration of Sp.pCas9-dCas9 into MG1655 genome at arsB site using 

the previously described method (21). Strain details/genotypes are described in Table 

S1. All PCR fragments were amplified with Phusion DNA Polymerase (Thermo-Fisher 

Scientific) for Infusion Cloning (Takara Bio). Plasmids were transformed into chemically 

competent NEB Turbo E. coli (New England Biolabs) cells, plated on LB-agar, and 

cultured in LB media supplied with the appropriate antibiotics used in the following 

concentrations: 100 μg/mL Carbenicillin, 25 μg/mL Chloramphenicol, 30 μg/mL 

Kanamycin, 100 μg/mL Spectinomycin. All plasmid constructs were confirmed by 

Sanger sequencing (GENEWIZ). Selected plasmids and complete plasmid maps will be 

deposited on Addgene (https://www.addgene.org/Jesse_Zalatan/).  

All plasmids used in this study are described in Table S2. Relevant DNA sequences are 

given in the Supplementary Materials. (d)Cas13d and crRNA sequences were cloned 

from existing plasmids (pXR001 and pXR002) (8). dCas9 plasmids were cloned as 

described previously (3, 22). Each CRISPR system was expressed in a p15A vector 

when used alone (Table S2). dCas9 and dCas13 were expressed from the J23107 

promoter, except for where otherwise noted. Attempts to clone the Cas proteins under 

the stronger J23119 promoter failed, likely due to high cellular burden from the 

expression of the enzymes. In Figures 3 and 4, dCas9 and MCP-SoxS (R93A, S101A) 

(abbreviated MCP-SoxS) were expressed in a pRSF1010 vector to avoid compatibility 

issues (Table S2) (23). For the multiplexed dCas9/dCas13 experiments in Figure 5, 
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dCas9 was moved to a genome integrated copy (CK024 in Table S1). For the CRISPRa 

experiment in Figure 5, MCP-SoxS was expressed from the BBa_J23107 promoter on 

the p15a vector (http://parts.igem.org). For CRISPRa reporter experiments, the guide 

RNAs for dCas9 and dCas13 were expressed from the strong BBa_J23119 promoter, 

either in the same plasmid with the Cas-carrying plasmid or in a separate ColE1 

plasmid (Table S3). All fluorescent reporters contain the J3 array of CRISPR sites 

upstream from the minimal promoter. All CRISPRi reporters were expressed from the 

BBa_J23110 minimal promoter on a pSC101** plasmid, unless specified. All CRISPRa 

reporters and biosynthetic enzymes were expressed from the BBa_J23117 minimal 

promoter on a pSC101** to provide a greater dynamic range for gene activation.  

Plate Reader Experiments 

Single colonies from LB plates were inoculated in 400 μL of EZ-RDM (Teknova) 

supplemented with the appropriate antibiotics and grown in 96-deep-well plates at 37 °C 

with shaking overnight 900 rpm on a Heidolph titramax 1000. 100 μL of the overnight 

culture were transferred into flat, clear-bottomed black 96-well plates (Corning) and the 

OD600 and fluorescence were measured in a Biotek Synergy HTX plate reader. For 

mRFP1 (referred to as mRFP) detection, the excitation wavelength was 540 nm and 

emission wavelength was 600 nm. For sfGFP detection, the excitation wavelength was 

485 nm and emission wavelength was 528 nm. For mTagBFP2 (referred to as mBFP) 

detection, the excitation wavelength was 400 nm and emission wavelength was 450 nm. 

At least three biological replicates were used for all experiments unless stated 

otherwise. 
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For kinetic experiments, overnight cultures in stationary phase were subcultured to 

OD600 0.1 in 200 μL of EZ-RDM (Teknova) supplemented with the appropriate 

antibiotics. Cultures were grown in flat, clear-bottomed black 96-well plates (Corning) at 

37 °C in a Biotek Synergy HTX plate reader set to shake at 1200 RPM. Surrounding 

wells were filled with 200 μL of water to maintain humidity. The OD600 and fluorescence 

were measured every 30 minutes for 16 hours. 

LNT Production 

LNT producing constructs were made using the medium-lacY, medium-lgtA, 

high-CvGalT strain (JM109 cells containing the pJF234.21 and pIDF96C plasmids) as a 

starting point (24). Single colonies from LB-agar plates were inoculated in 2 mL 

EZ-RDM (Teknova) with 10 g/L glucose, 2 g/L lactose and supplemented with 

appropriate antibiotics. Cultures were grown in 14 mL glass culture tubes because we 

found that previous protocols using polypropylene tubes (24) can have detrimental 

effects on production. Cultures were incubated at 37 °C with shaking for 48 h. A culture 

time of 48 h was used to allow adequate time for chemical production after the cells 

reach stationary phase, as has been done in previous HMO metabolic engineering 

efforts (25, 26). 500 μL of supernatant from each culture were loaded onto 10 kDa 

microcentrifuge filters (Millipore) and spun for 20 min at 14000 rcf.  

Samples were analyzed via Agilent 6530 LC/Q-TOF in negative mode using a Poroshell 

120 C18 150 mm column. We previously used HPLC analysis for detection of LNT (24). 

In this work, we used LCMS for improved signal resolution. A standard curve was 

prepared by spiking known amounts of LNT (Elicityl) into supernatants derived from 

cultures of MG1655 or JM109 E. coli transformed with empty vectors. For LC/MS, the 
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aqueous phase was water with 0.1% formic acid and the organic phase was acetonitrile 

with 0.1% formic acid. The % aqueous/organic gradient was run as follows: hold at 3/97 

for 1 minute, 10/90 over 1 minute, 40/60 over 3 minutes, hold 40/60 for 2 minutes, then 

return to 3/97 over 2.5 minutes. The flow rate was held at 0.3 mL/min. The changes in 

growth conditions and analysis method that we used here resulted in higher LNT titers 

for the parent strain (medium-lacY, medium-lgtA, high-CvGalT) than previously reported 

(24). 

Statistics 

Statistical significance was calculated using two-tailed unpaired Welch’s t-tests. 

Asterisks in Figures indicate a statistically significant difference (∗: p-value < 0.05, ∗∗: 

p-value < 0.005).  

 

Results 

Optimizing tlCRISPRi repression in E. coli 

​ To repress translation in E. coli, we need to deliver dCas13 and a CRISPR RNA 

(crRNA) that targets the mRNA of a gene of interest. We used the catalytically inactive 

version of RfxCas13d, derived from Ruminococcus flavefaciens XPD3002 (8). 

RfxCas13d (referred to as dCas13 from here) was used as it was shown to have greater 

knockdown efficiency than Cas13a and Cas13b in mammalian cells (8). We provided 

crRNAs that either targeted an mRFP fluorescent reporter or were non-targeting in the 

E. coli genome as a control. Although crRNAs targeting the RBS have been shown to 

be more effective for dCas13-mediated knockdown, many RBS sequences often share 
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similar sequences (16, 27). Therefore, we designed a crRNA that targets downstream of 

the Shine-Dalgarno sequence, overlapping with the 3’ end of the RBS and the 5’ end of 

the open reading frame (ORF). When expressed without dCas13, the crRNA targeting 

mRFP gave 1.4-fold repression compared to the parental strain (Figure 1A), an effect 

which has previously been reported for Cas13 systems (16). This crRNA-dependent 

effect may be due to direct binding of the mRNA target, forming a dsRNA structure and 

interfering with mRNA function (28, 29). When dCas13 was expressed with the crRNA, 

the overall tlCRISPRi effect improved to 2.9-fold (Figure 1A). The crRNAs tested used a 

DR from a previously described Cas13d isoform from an uncultured Ruminococcus 

strain (UrCas13) with broad specificity (8). We also tested the cognate DR for 

RfxCas13d and found improved tlCRISPRi when targeting mRFP for repression (Figure 

S1). We then tested another dCas13 isoform with its cognate crRNA, dCas13a from 

Leptotrichia buccalis (30). We found that dCas13d was more active, consistent with 

previous results in mammalian cells (8) (Figure S2). We focused on these Cas13d and 

Cas13a variants as they are the most well characterized of the available Cas13 variants 

(31, 32). Together, these results show that dCas13 can be used with a crRNA for 

programmable translational repression. 

To further investigate the effects of the crRNA alone on translation, we measured 

tlCRISPRi for a fluorescent reporter as a function of crRNA spacer sequence length 

both in the presence and absence of dCas13. crRNAs were truncated 2 bp at a time 

from an initial spacer length of 28 nt. Spacers were truncated from the 5’ end, although 

previous work has shown that truncations from either the 5’ or 3’ end follow similar 

qualitative trends (12). We found that the crRNA-alone effect results in roughly a 2-fold 
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repression when crRNA length varied between 16 - 28 nt (Figure 1B), similar to the 

effects observed in the previous experiment (Figure 1A). With dCas13 present, we 

observed repression effects ranging from 1.5-fold up to 18-fold, with the strongest 

repression from longer crRNAs (≥20 nt) (Figure 1B). Together, these results 

demonstrate that the both dCas13 and the crRNA are required for maximal repression, 

the natural crRNA length of 26-28 nt is optimal for dCas13-mediated repression, and 

varying the spacer length from 16-28 nt does not change the crRNA-alone effects. 

Having demonstrated simple tlCRISPRi, we sought to further optimize the 

dCas13 expression levels. Because dCas9 has been reported to be toxic to E. coli cells 

at high expression levels (33, 34), we cloned dCas13 under the anhydrotetracycline 

(aTc) inducible Tet promoter. aTc titrations showed that E. coli is tolerant to relatively 

high dCas13 concentrations (Figure S3). We found that tlCRISPRi repression improves 

up to 200 nM aTc induction (Figure 1C). We then cloned dCas13 under weak and 

medium strength constitutive promoters and observed a similar trend where stronger 

expression gave greater repression (Figure 1D).  

We then compared tlCRISPRi from catalytically-inactive dCas13d to the 

wild-type, nuclease-active Cas13d. We found that dCas13d exhibits stronger mRFP 

repression than Cas13d (Figures S3 & S4). Additionally, both Cas13d and dCas13d 

maintain their tlCRISPRi activity after two rounds of subculturing and induction (Figure 

S3). To test whether there were any growth burden effects from Cas13 expression, we 

measured growth kinetics for strains with dCas13d or Cas13d in three conditions: no 

crRNA, non-targeting crRNA, and on-target crRNA. We found that in the absence of 

cRNA, both catalytically-active Cas13d and inactive dCas13d exhibit growth defects 
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relative to the empty vector control. In the presence of a non-targeting crRNA, the strain 

with Cas13d exhibits a larger growth defect while strains with dCas13d return to normal 

growth. This behavior may be due to off-target effects that activate collateral RNA 

cleavage from Cas13d, resulting in a larger growth defect (35, 36). In the presence of 

an on-target crRNA, both Cas13d and dCas13d show no growth defect. This behavior 

may be due to the reduced cellular burden when the highly-expressed target transcript 

is repressed. Overall, dCas13 and Cas13 exhibit similar tlCRISPRi activity. However, 

dCas13 may still be preferable for targeted translational knockdowns due to its reduced 

growth burden and lack of collateral activity. 

​ To better understand crRNA targeting rules for tlCRISPRi, we designed four 

crRNAs targeting different positions of the mRFP transcript. We found that as the 

distance from the 5’ end of the mRNA transcript increased, the tlCRISPRi efficiency 

decreased (Figure 2A). This observation is in agreement with previous findings that 

have found targeting the unstructured ribosome binding site (RBS) to be most effective 

for dCas13-mediated knockdowns (16). This result is also consistent with similar 

distance-dependent effects in other CRISPR systems (37). 

In addition to target position, we anticipated that tlCRISPRi efficiency would 

depend on the mRNA abundance in the cell. We used a pTet- inducible mRFP reporter 

to measure tlCRISPRi while titrating aTc, effectively titrating the number of target mRNA 

copies in the cell. tlCRISPRi is most effective at 2 nM aTc. At higher aTc concentrations 

and correspondingly higher target mRNA abundance, repression may be limited by the 

amount of CRISPR complexes in the cell (Figure 2B) (38). At lower aTc concentrations 
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and correspondingly lower transcript abundance, the expression level approaches the 

lower limit of detection, which limits the detectable dynamic range of repression. 

 

tlCRISPRi has smaller polar effects than txCRISPRi 

​ While transcriptional control systems act on entire operons, RNA targeting with 

dCas13 may enable independent regulation of single genes in multi-gene operons. The 

use of dCas13 may greatly improve our ability to regulate bacterial functions, as a large 

fraction of genes are contained in multi-gene operons. To test whether dCas13 can 

independently repress one gene while leaving the other unperturbed, we built a 

synthetic reporter constitutively expressing sfGFP and mRFP in a single transcriptional 

unit. The dual reporter operon uses a strong constitutive promoter (J23110) to express 

the sfGFP ORF followed by the mRFP ORF, each translated from a separate synthetic 

Bujard RBS (39).  

We first tested whether dCas9 repression of the dual reporter operon would 

produce strong polar effects, in which targeting one gene for repression leads to 

silencing of both genes (40). As expected, dCas9 repression exhibited strong polar 

effects when targeting either gene in the operon (Figure 3A). We quantified polar effects 

by comparing the ratio of repression between the target gene and the other gene in the 

operon. Targeting the downstream mRFP gene gave 32-fold repression of mRFP and 

5.7-fold repression of sfGFP, an overall 5.6-fold greater repression of mRFP than sfGFP 

(Figure 3A). This reverse polar effect, in which targeting a downstream gene can affect 

an upstream gene, has been reported before for txCRISPRi in bacteria (40, 41). This 

effect is likely due to destabilization of the mRNA transcript that leads to improper 
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folding or reduced half life. Targeting the upstream sfGFP gene gave 15-fold repression 

of sfGFP and 34-fold repression of mRFP, representing a 2.3-fold weaker repression of 

sfGFP than the downstream mRFP. The weaker polar effect on sfGFP when 

downstream mRFP is targeted may be due to incomplete mRNA transcripts that still 

allow for some translation of the first gene in the operon.  

We then used dCas13 to test tlCRISPRi on each gene in the dual reporter 

operon. dCas13 was expressed from the medium strength J23107 promoter to produce 

a large tlCRISPRi effect, according to our previous results (Figure 1D). Compared to 

transcriptional repression with dCas9, we observed reduced polar effects (Figure 3B). 

Targeting mRFP, the second ORF in the operon, gave 16.3-fold repression of mRFP, but 

only 1.7-fold repression of sfGFP (Figure 3B). There was a 10-fold greater repression of 

mRFP than sfGFP, showing that we can specifically target a downstream gene in an 

operon with modest effects on upstream genes. Targeting sfGFP gave 6.5-fold 

repression of sfGFP and 2.5-fold repression of mRFP, representing a 2.6-fold greater 

repression of sfGFP than mRFP. This result indicates that there is a larger polar effect 

when targeting the upstream gene compared to the downstream gene. Although 

repression from dCas9 was stronger overall, dCas13 showed 5.9- and 1.7-fold higher 

specificity repression for sfGFP and mRFP, respectively (Figure S5). For both genes, 

the observed polar effects with dCas13 were less than that of dCas9 repression.  

 

Multiplexed dCas9/dCas13 tools improve independent regulation of multi-gene operons 

​ We next tested whether we could activate a subset of genes in a multi-gene 

operon by activating transcription of the entire operon and selectively repressing 
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translation for undesired genes. As a proof of concept, we envisioned using a previously 

described dCas9 txCRISPRa system (21, 22) to activate a two-gene operon together 

with dCas13 as a translational repressor. Briefly, dCas9 txCRISPRa uses a modified 

scaffold RNA (scRNA) to recruit transcriptional activators upstream of a gene of interest 

and initiate transcription. We hypothesized dCas13 would repress one gene in the 

operon while leaving the other activated.  

To investigate simultaneous txCRISPRa and tlCRISPRi, we modified the dual 

sfGFP/mRFP operon used in previous experiments. We replaced the strong constitutive 

promoter with a weak promoter that could be activated with dCas9. Using the 

txCRISPRa system alone with dCas9 targeting the promoter and no crRNA for dCas13 

targeting, sfGFP and mRFP were activated 10 and 16-fold, respectively (Figure 4A). 

When a crRNA was introduced to target mRFP with dCas13, we observed that mRFP 

returned to basal levels while sfGFP remained activated. This result shows that we can 

specifically activate the first gene in a multi-gene operon by upregulating the entire 

operon, then using tlCRISPRi to repress downstream genes. However, when we tried to 

repress sfGFP with dCas13, we observed weak and equal repression for both sfGFP 

and mRFP (Figure 4A). This result was unexpected because we previously observed 

preferential sfGFP repression when targeting sfGFP in the constitutively-expressed dual 

reporter, although by a relatively modest factor of 2.6-fold (Figure 3B). Taken together, 

our results suggest that independently repressing a downstream gene is effective, but 

independently repressing an upstream gene remains challenging. 

The strong polar effect leading to equal repression on the downstream mRFP 

gene when targeting the upstream sfGFP could be due to translational coupling of the 
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two genes (42, 43). There are many examples of translational coupling between genes 

in natural systems. Translational coupling can occur if ribosomes translating the 

upstream gene are recruited to the downstream gene, either through stop codon 

read-through or increased local concentration near the downstream RBS (42, 44, 45). 

Alternatively, ribosome-mediated mRNA unfolding can disrupt secondary structures that 

inhibit translation initiation at downstream genes (46–48). Thus, if translation of the 

downstream gene, mRFP in this case, depends wholly or in part on translation of the 

upstream gene, polar effects on downstream genes with tlCRISPRi may be difficult to 

avoid. 

To test whether translational coupling could explain the observed polar effects, 

we constructed modified reporters where the RBS had been removed for either sfGFP 

or mRFP and repeated the multiplexed txCRISPRa/tlCRISPRi experiment. In the 

absence of tlCRISPRi, the reporter lacking a RBS for the upstream sfGFP showed 

greatly reduced mRFP levels (Figure S7) compared to the reporter with the sfGFP RBS 

(Figure 4A). This result suggests that a significant amount of the observed mRFP 

expression is from translational coupling to the upstream sfGFP. However, the mRFP 

decrease could also result from decreased mRNA transcript stability that can occur 

when the RBS is removed from the 5’ end (49). We found stronger evidence for 

translational coupling by removing the RBS from the downstream mRFP. With this 

reporter, we observed that mRFP was still upregulated 20-fold when the operon was 

activated with dCas9 (Figure S7), again suggesting that there is significant translational 

coupling from the upstream sfGFP to the downstream mRFP.  
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To test if independent repression of the upstream gene in an operon is possible, 

we needed a reporter with minimal translational coupling between genes. Ribosome 

read-through is thought to be dependent on the rate of translational initiation at the 

upstream gene (42, 43). We therefore tested an alternative rc RBS for the upstream 

sfGFP that has lower sfGFP expression when activated by txCRISPRa (Figure S6). We 

designed two crRNAs targeted to this RBS to repress sfGFP translation, rc-1 and rc-2. 

With these two crRNAs, we observed 3.2- and 11-fold repression of sfGFP, while the 

effects on the downstream mRFP were 1.6- and 3.6-fold, respectively. These effects 

correspond to 2.0- or 3.1-fold preferential repression of sfGFP than mRFP (Figure 4B, 

left), in contrast to equivalent repression of sfGFP and mRFP seen with the original buj 

RBS at sfGFP (Figure 4A). Thus, it is possible to selectively repress the upstream gene, 

although the preferential effect is relatively modest. Notably, the preferential dCas13 

repression effects with this txCRISPRa-activated reporter are similar to the 2.6-fold 

preferential repression we observed with the original constitutive reporter (Figure 3B). In 

the constitutive reporter, the initial sfGFP and mRFP levels were similar to the levels 

produced by txCRISPRa-mediated activation with the rc RBS (Figure 4B, left). Thus, the 

extent of translational coupling may be dependent on the absolute expression level (43), 

which may consequently affect the possibility of independently repressing the first gene 

in an operon.  

We then assessed whether the sfGFP mRNA sequence context could be 

contributing to the observed translational coupling and polar effects. We replaced the 

sfGFP reporter with mBFP (mTagBFP2, blue fluorescent protein) under the same rc 

RBS. Qualitatively, we observed similar effects with either mBFP or sfGFP in the 
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upstream position. Targeting the downstream mRFP with dCas13 strongly silences 

mRFP by ~35-fold with only a 1.1-fold effect on mBFP (Figure 4B, right). Targeting the 

RBS of the upstream mBFP with the rc-1 and rc-2 crRNAs produced 2.4- and 6.7-fold 

repression of mBFP, while the effects on the downstream mRFP were 1.1- and 1.6-fold, 

respectively. Overall, mRFP remained activated 3.8- and 2.7-fold relative to the dCas9 

non-targeting gRNA. These effects correspond to 2.2- and 4.2-fold higher repression of 

mBFP than the downstream mRFP, respectively (Figure 4B, right). These effects are 

qualitatively similar to those observed with sfGFP in the upstream position (2.0- and 

3.1-fold, respectively) but the quantitative differences suggest that transcript sequence 

context can contribute to polar effects.  

The experiments described above were performed with the broad specificity 

crRNA DR (Figure 1). We proceeded to test whether the cognate dCas13Rfx crRNA DR 

(Figure S1) performs similarly for individual gene targeting with txCRISPRa/tlCRISPRi. 

We observed qualitatively similar results with the cognate crRNA, but modestly 

improved individual gene targeting with reduced polar effects on the neighboring gene 

in the operon (Figure 4C).  

In E. coli, roughly a third of all genes are contained in operons with overlapping 

ORFs (50). To test the ability of our system to independently regulate genes in 

overlapping operons, we created a modified synthetic reporter that contains the C 

terminus of trpA and N terminus of trpB fused between the ORFs for BFP and RFP. 

trpA-trpB is well-studied as a model system for translational coupling due to its 

overlapping stop and start codons (48, 51). We found that there were strong polar 

effects between the two genes when targeting either for repression (Figure S8), 
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indicating that it is difficult to target individual genes with dCas13 in tightly-coupled 

overlapping operons. Engineering approaches to overcome tight translational coupling 

with dCas13 will require further investigation. 

One potential disadvantage of the combined txCRISPRa/tlCRISPRi approach is 

that there may be a growth burden associated with expressing two CRISPR systems. To 

test whether the cell could support the two systems operating simultaneously, we 

measured the growth kinetics of a cell expressing either the txCRISPRa, tlCRISPRi, or 

both txCRISPRa/tlCRISPRi machineries. We found that the expression of dCas13 and 

dCas9 together in the cell imposed no detectable additional burden to the cell compared 

to expressing the CRISPRa machinery alone (Figure S9). Both dCas9 and dCas13 

were expressed from the medium-strength J23107 minimal promoter. We attempted to 

build constructs with Cas proteins under the strong J23119 promoter, but were unable to 

successfully clone these constructs, likely due to high metabolic burden. There is also a 

well established precedent that strong heterologous protein expression can be 

burdensome and deleterious to cell growth We therefore did not further pursue cloning 

of Cas proteins with strong promoters. Regardless, these results show that we can 

express dCas9 and dCas13 together at relevant concentrations for effective 

txCRISPRa/tlCRISPRi.   

 

Multiplexed dCas9/dCas13 metabolic engineering improves LNT bioproduction  

​ To test whether a multiplexed dCas9 and dCas13 system could be effective for 

metabolic engineering, we used bacterial lacto-N-tetraose (LNT) production as a model 

system. LNT is a human milk oligosaccharide (HMO) that is important for infant immune 
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development and microbiome health (57, 58). To produce LNT in E. coli, two 

heterologous enzymes, LgtA and CvGalT, can be combined with overexpression of the 

LacY lactose permease (59, 60). LacY imports lactose into the cell, where LgtA, a 

β-1,3-N-acetylglucosaminyltransferase from N. meningitidis, produces the intermediate 

lacto-N-triose II (LNT II). CvGalT is a β-1,3-galactosyltransferase from C. violaceum that 

converts LNT II to the final product LNT. Knocking out endogenous β-galactosidase 

activity (encoded by the lacZ gene) is also necessary to prevent cleavage of the lactose 

feedstock into its constituent monosaccharides glucose and galactose (60). 

​ Because LNT production requires up- and down-regulation of multiple enzymes, 

CRISPR-Cas-mediated gene regulation can be useful for tuning and optimizing gene 

expression levels. We previously used a combinatorial txCRISPRa library to optimize 

pathway enzyme levels in a lacZ knockout strain (Figure 5A) (24). Here, we attempted 

to further optimize the system by using CRISPRi to repress endogenous genes that 

divert flux away from LNT. Specifically, we targeted the ugd, wecB, and nagB genes. 

The enzymes from these genes consume the metabolites UDP-N-acetylglucosamine 

and UDP-galactose, which are used by LgtA and CvGalT during LNT production. 

Previous work has shown that knocking these genes out can improve LNT production 

by factors ranging from  20 - 350% (25, 26, 61). However, when we activated the LNT 

pathway enzymes with txCRISPRa and repressed ugd, wecB, or nagB using 

txCRISPRi, we observed that the knockdowns produced no increase in LNT production 

relative to the strain with txCRISPRa alone (Figure 5B). Furthermore, the nagB 

knockdown resulted in a significant decrease in LNT production (p < .05). We then 

tested two additional guides per gene in case we were not targeting optimal positions 
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and therefore not able to effectively knockdown gene expression. Still, we found that 

txCRISPRi resulted in no differential LNT production relative to the txCRISPRa-only 

strain (Figure S10). One possible explanation for the lack of improved LNT production 

from these CRISPRi targets is that the expression of additional gRNAs leads to 

competitive effects, in which gRNAs with varying binding affinities are competing for a 

limited pool of dCas9 (62, 63). However, the LNT titers are similar between the 

conditions with no CRISPRi gRNA and the non-targeting gRNA. This result suggests 

that competition from additional gRNAs is not significantly weakening the activation from 

dCas9 in this heterologous pathway. 

We next tested whether dCas13-mediated tlCRISPRi knockdowns could improve 

LNT production. We targeted lacZ for knockdown in an E. coli strain containing the 

native copy to determine if we could produce a sufficient knockdown for LNT production. 

We compared lacZ knockdowns from dCas13 and three different dCas9 targets to the 

lacZ knockout strain. We found that the dCas13 knockdown gave 4.5 ± 0.5 mM LNT 

compared to 1.8 ± 0.8 mM, 4.2 ± 0.5 mM, or 2.5 ± 0.2 mM from the dCas9 knockdowns 

(Figure 5C). These results show that both tlCRISPRi and txCRISPRi can sufficiently 

repress lacZ to enable LNT production. However, all knockdowns produced less LNT 

than the 8.6 ± 0.7 mM produced from the lacZ knockout (Figure 5B). This result could 

be due to the CRISPR perturbations not producing a strong enough knockdown, or from 

increased cellular burden from the operation of the CRISPR systems. To test whether 

the knockdown strength was limiting, we multiplexed dCas13 and dCas9 knockdowns of 

lacZ and observed 6.6 ± 1.3 mM of LNT production (Figure 5C). This result suggests 
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that the knockdowns from each system were not as strong as the knockout, and that 

greater knockdowns can be achieved by combining perturbations. 

One potential advantage of CRISPR regulation is the opportunity for rapid 

combinatorial multiplexing. In the strain containing the dCas13 lacZ crRNA, we 

introduced a second crRNA targeting either ugd, nagB, or wecB. The second crRNA 

was expressed from a separate transcriptional unit on the same plasmid as the other 

gRNAs (Table S2). While dCas9 knockdowns of these targets all gave lower or similar 

levels of LNT, the dCas13 knockdown of ugd gave a 3-fold improvement in LNT 

production, from 4.5 ± 0.5 mM to 14 ± 2.2 mM (Figure 5D) (p < .005). The combined 

lacZ and ugd dCas13-mediated knockdown strain was the highest producing strain, 

yielding a 46% improvement over the lacZ knockout strain with no translational 

regulation. In contrast, the wecB knockdown significantly decreased LNT production (p 

< .05) and the nagB knockdown gave a small increase in LNT production that was not 

statistically significant (p = .07). These results highlight the utility of combinatorial 

multiplexing with programmable CRISPR-Cas systems, and the use of dCas13 enabled 

the identification of a gene expression program with substantial improvements in 

bioproduction.  

 

Discussion 

​ CRISPR-Cas technologies have enabled a range of applications in bacterial 

systems, including gene editing, biosensing, and bioproduction (3, 64–67). The ability to 

combine orthogonal CRISPR-Cas systems with different regulatory properties can 

expand the possibilities for precise gene regulation and information processing. 
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Additionally, combining orthogonal CRISPR-Cas systems may overcome limitations of 

gRNA competition to allow regulation of more genes in the genome simultaneously (38, 

63, 68). The ability to increase the upper limit of regulatable gene targets in a single 

metabolic engineering program will be an important consideration for future efforts (69). 

Here, we show that multiplexed DNA- and RNA-targeting dCas9 and dCas13 

CRISPR-Cas systems can improve bioproduction in bacteria. These results emphasize 

that different methods of regulation can yield different and difficult to predict effects 

when regulating endogenous genes. The use of dCas13, either alone or in addition to 

dCas9, may offer several advantages for metabolic engineering. Previous HMO 

metabolic engineering efforts have shown lacZ knockout to be critical for effective 

production (25, 26, 61). Here, we showed that multiplexed knockdowns of lacZ with 

dCas9 and dCas13 improved LNT production relative to either dCas9 or dCas13 alone. 

Multiplexed knockdowns of additional genes can yield further improvements to LNT 

production to 14 mM (9.9 g/L). To our knowledge, this titer is the highest achieved to 

date in shake flask conditions (25, 26, 59). One possible explanation for these results is 

that perturbations with dCas13 may lead to larger changes in protein levels than with 

dCas9, especially for genes that are strongly regulated at the transcriptional level. For 

example, the expression of ugd is regulated by several independent transcriptional 

activators, which could lessen the effect that a transcriptional knockdown will have on 

protein levels (70).  

Many targets for knockdown may not produce the desired effects when 

repressed with dCas9 due to tight regulation at the transcriptional level. For example, 

nagB is known to be highly regulated due to its relevance for sugar carbon utilization 
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(72, 73). When targeted with dCas9, the nagB knockdown resulted in a significantly 

lower LNT production (p < .05) than the other knockdown strains (Figure 5B). We then 

showed when nagB was targeted with dCas13 that LNT production increased from 4.5 

to 5.7 mM (Figure 5D) (p = .07), suggesting that dCas13 achieved a more effective 

knockdown than dCas9. dCas13 may also provide an advantage over dCas9 when 

targeting genes in the same operon as an essential gene. In the case of the nagBACD 

operon, nagC encodes for a transcriptional repressor of the operon. It is possible that 

transcriptional repression of nagB leads to polar effects on nagC expression, resulting in 

de-repression of the whole operon. We also saw that repressing wecB did not improve 

LNT titers when targeted with either dCas9 or dCas13. This result may indicate that 

wecB is not an important target to control metabolic flux towards LNT, as suggested by 

others (26), or that there are other regulatory effects that compensate for the 

knockdown. Systematic comparisons of dCas9 and dCas13 knockdowns may uncover 

other contexts in which translational control is preferred over transcriptional regulation. 

Operons are often organized with colocalized genes acting in different steps in a 

shared biosynthetic pathway. The ability to independently regulate genes in such 

operons could be particularly useful for bioproduction if the target product requires 

diverting a pathway intermediate. For example, regulation of the aroF-tyrA operon within 

E. coli has received significant attention for production of value-added chorismate 

derivatives and aromatics (46–49). aroF is involved in the chorismate biosynthesis 

pathway and its upregulation could improve flux towards high-value aromatic 

compounds. However, tyrA diverts chorismate flux towards biosynthesis of aromatic 

amino acids, making it a potential target for downregulation. The ability to activate aroF 
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while maintaining or repressing tyrA levels could improve bioproduction of chorismate 

derivatives. Future work will explore whether the use of dCas9 and dCas13 to tune 

individual genes in endogenous operons like aroF-tyrA can have significant effects on 

bioproduction.  

We have also shown that dCas9 and dCas13 can be combined to overcome 

polar effects in multi-gene transcriptional operons. The ability to independently regulate 

individual genes in a multi-gene operon depends on sequence context, expression 

level, and target position within the operon, but we have shown that independent gene 

regulation can be improved through screening different crRNA targets (Figure 4B). 

Genome-wide tlCRISPRi screens could help to further elucidate sequence and context 

dependent rules that determine the polar effects at multi-gene operons. 

The ability to target individual genes may also be affected by the genetic 

structure of the operon. Previous work has shown that the distances between the stop 

codon of the upstream gene and the start codon of the downstream gene affect the 

degree of translational coupling. Distances less than the footprint of a ribosome (25-30 

nt) are thought to promote translational coupling. Our expectation is that as the degree 

of coupling decreases, the ability to independently repress genes with dCas13 would 

improve. Therefore, the current tlCRISPRi toolbox will be most effective at targeting 

single genes in multi-gene operons when there are larger spacings between the ORFs.  

To date, there have been few approaches reported for decoupling translation in a 

multi-gene operon. The use of mutations to introduce premature stop codons or remove 

Shine-Dalgarno motifs in the upstream gene has been shown to decouple translation in 

E. coli (71). However, these perturbations typically resulted in the loss of expression of 
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both genes in the operon, limiting their applicability for metabolic engineering. Other 

work has attempted to reduce translational coupling by knocking down the ribosome 

recycling factor gene, but this intervention led to less overall translation from mRNA 

transcripts (45). Our work provides an alternative approach using dCas13 to 

independently regulate gene expression in multi-gene operons without extensive 

genome engineering. 

Further investigation into Cas13 systems has the potential to improve our ability 

to precisely regulate individual genes at the translational level. In this work, we show 

that gene regulation with dCas13d provides novel functional properties with immediate 

applications in metabolic engineering. Several other Cas13 isoforms have been 

described that could also be effective for translational regulation (11, 74, 75). Dynamic 

control of dCas13 activity could enable improved biosynthesis, molecular recording, 

biosensing, and biotherapeutic applications (76–79). Such a system could be 

constructed by regulating dCas13 expression with an inducible or 

conditionally-responsive promoter. However, because there is weak basal repression 

from the crRNA alone (Figure 1B), tight control of crRNA expression may be necessary 

for maximal dynamic range. 

 The ability to activate gene expression using dCas13 could also be useful for a 

wide range of bacterial engineering applications. Our results here suggest that dCas13 

mediated activation (tlCRISPRa) could offer advantages over DNA-targeting dCas9 

(txCRISPRa) by enabling control of individual genes in multi-gene operons. txCRISPRa 

is also subject to relatively stringent target requirements that have limited its 

generalizability to arbitrary gene targets (22, 56, 80). If tlCRISPRa with dCas13 is 
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subject to less stringent or even simply different target requirements, it will expand the 

range of accessible gene targets in bacteria. Previous work in E. coli has shown that 

dCas13 can be fused to an effector domain for translational activation (tlCRISPRa) (16). 

Still, robust tlCRISPRa on arbitrary mRNA targets remains to be demonstrated (16, 19). 

Moving forward, the ability to use dCas13 to independently regulate individual 

genes across bacterial genomes, along with multiplexed regulation using dCas9, may 

greatly expand the possibilities for basic biology research and applied biotechnology. 

The key advance in this work is that dCas9 and dCas13 can be used together to 

achieve functional effects that would be inaccessible using either system alone. We first 

demonstrate the advantage of combined dCas9/dCas13 through their multiplexed use 

to independently regulate individual genes in multi-gene operons. Many genes are 

subject to complex transcriptional regulation, and multi-gene operons are ubiquitous 

across nature. However, tools to study tightly regulated genes or individual genes within 

these operons are limited. Therefore, we hypothesize that regulating at the translational 

level may enable improved control of individual protein levels compared to 

transcriptional regulation.  

Genome-wide dCas13 screens may reveal novel insights into phenotypes from 

individual ORF perturbations that would be missed from dCas9 knockdown screens that 

act at the operon level. dCas13 has already proven a useful tool for studying gene 

essentiality in mammalian and bacterial systems (12, 36). Improved control over 

multi-gene operons will expand our understanding of individual gene functions. In 

addition to essentiality studies, genome-wide tlCRISPRi screens can inform strain 

design for a variety of applications. 
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An outstanding challenge in synthetic biology is identifying the genetic 

perturbations that can optimize biosynthetic programs. By implementing dCas13-based 

translational regulation in bacteria and demonstrating the capabilities of combined 

translational and transcriptional control, we provide new opportunities to reprogram 

gene expression in bacteria. Systematic combinatorial perturbations with dCas9 and 

dCas13 should reveal effective strategies to regulate bacterial systems. These 

approaches may prove particularly useful for exploring the functional space available to 

medically- and industrially-relevant microbes.  
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Figures 

Figure 1. tlCRISPRi represses gene expression in E. coli 

 

Figure 1. tlCRISPRi represses gene expression in E. coli.  
A) Effect on reporter gene expression with dCas13 alone, crRNA alone, or both dCas13 

and crRNA.The crRNA rfp2 targets the ORF of the mRFP mRNA transcript (Table S3). 

B) Reporter gene expression versus crRNA spacer length. The spacer is the region 

complementary to the target mRNA. Reporter gene expression levels were measured 

both in the presence and absence of dCas13. The rfp2 crRNA was tested with spacer 

lengths from 16-28 by truncating 2 nt at a time from the 5’ end.  
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C) Tuning tlCRISPRi activity by titrating dCas13 expression levels. dCas13 was 

expressed with an inducible pTet promoter and the crRNA was expressed from the 

constitutive J23119 promoter. Reporter gene expression levels were measured with 0, 

10, 100 and 200 nM aTc concentrations. 

D) tlCRISPRi with dCas13 expression from weak (J23117) or medium (J23107) strength 

constitutive promoters.  

For all panels, values represent the mean ± standard deviation for at least three 

biological replicates. 
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Figure 2. tlCRISPRi dependence on target position and abundance 

 

Figure 2. tlCRISPRi dependence on mRNA target site position and transcript 
abundance. 
A) Reporter gene expression versus tlCRISPRi target position on the mRNA. buj1 

targets the unstructured RBS. rfp2 targets the 3’ end of the RBS and beginning of the 
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ORF. rfp3 and rfp4 target the middle of the ORF. The non-targeting control targets the 

template strand, which is not transcribed into mRNA. 

B) tlCRISPRi effects on reporter gene expression versus target mRNA transcript 

expression level. mRFP was expressed from the pTet promoter and induced with 0, 0.2, 

2, 20, and 200 mM aTc. dCas13 and crRNA were constitutively expressed. 

For all panels, values represent the mean ± standard deviation for at least three 

biological replicates. 
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Figure 3. CRISPRi polar effects for multi-gene operons 

 

 

Figure 3. CRISPRi polar effects for multi-gene operons. 
A) Polar effects from txCRISPRi with dCas9-mediated targeting of DNA to repress 

transcription. A synthetic multi-gene sfGFP-mRFP reporter transcript was expressed 

from the J3_J23110 promoter (see Methods). Each gene has a separate copy of the 

Bujard RBS. Polar effects on reporter gene expression were measured by comparing 

the ratio of repression between the target gene and the other gene in the operon. 

Fluorescent reporter levels were measured with dCas9 sgRNAs for sfGFP (NT1), mRFP 

(rr2), or a non-targeting (NT) (AAV) sequence (Table S3). dCas9 and dCas13 were both 

expressed from the J23107 promoter (Table S2). 

B) Polar effects from tlCRISPRi with dCas13-mediated targeting of mRNA to repress 

translation. The reporter gene was the same as described above in (A). Fluorescent 

reporter levels were measured with dCas13 crRNAs for sfGFP (gfp2), mRFP (rfp2), or a 

non-targeting (NT) (AAV) sequence (Table S3). 
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For all panels, values represent the mean ± standard deviation for at least three 

biological replicates. 
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Figure 4. Multiplexed txCRISPRa/tlCRISPRi in multi-gene operons 
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Figure 4. Multiplexed txCRISPRa/tlCRISPRi in multi-gene operons 
A) Combined txCRISPRa and tlCRISPRi for independent gene activation in a 

multi-gene operon. For txCRISPRa, dCas9 targets the -81 position of the J3_J23117 

promoter and recruits a transcriptional activator to activate the operon (22). For 

tlCRISPRi, dCas13 targets an individual gene with a crRNA targeting either sfGFP or 

mRFP. The dCas13 non-targeting (NT) sample indicates the fold activation from 

txCRISPRa without any tlCRISPRi repression. Fold repression from tlCRISPRi 

compares the dCas13 non-targeting and on-target crRNAs, always with the on-target 

J306 scRNA for txCRISPRa. 

B) Combined txCRISPRa/tlCRISPRi as described in (A) using the rc RBS at the first 

gene in the operon instead of the Bujard RBS. The first gene in the operon is either 

sfGFP (left) or mBFP (right). Two new crRNA sequences were designed to target the rc 

RBS (Table S3). 

C) Combined txCRISPRa/tlCRISPRi as described in (A) using the RfxCas13 cognate 

DR. The synthetic multi-gene BFP-RFP reporter is the same as described in Figure 4B 

(right). Two new crRNA sequences were designed to target the BFP and RFP ORFs 

(Table S3). 

For all panels, values represent the mean ± standard deviation for at least three 

biological replicates. 
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Figure 5. Multiplexed txCRISPRa/tlCRISPRi for improved metabolic engineering 

 
Figure 5. Multiplexed txCRISPRa/tlCRISPRi for improved metabolic engineering 
A) Pathway schematic for LNT bioproduction in E. coli with CRISPRa-regulated genes. 

LNT is produced from lactose using three enzymes expressed from a two-plasmid 

system. The heterologous pathway is weakly expressed from synthetic promoters and 

activated using txCRISPRa. The pathway consists of lacY from E. coli, lgtA from 
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Neisseria meningitidis, and B3GalT from Chromobacterium violaceum. Endogenous 

genes that divert flux away from the LNT pathway, including wecB, ugd, and nagB, are 

shown in red. These genes are targets for repression to increase LNT flux. 

B) LNT titers with different endogenous genes targeted for repression with txCRISPRi. 

All conditions contain the txCRISPRa program activating the heterologous LNT 

production pathway. Different txCRISPRi constructs were delivered to a parental starting 

strain containing a medium-lacY, medium-lgtA, high-CvGalT txCRISPRa program 

(JM109 cells containing the pJF234.21 and pIDF96C plasmids) as a starting point (24). 

The JM109 E. coli strain contains a lacZ deletion to prevent lactose metabolism. 

Asterisks in this panel indicate a statistically significant difference compared to no gRNA 

(∗: p-value < 0.05).  

C) LNT titers with txCRISPRi and tlCRISPRi individual and multiplexed knockdowns of 

lacZ. The multiplexed knockdown uses the dCas9 #1 and dCas13 gRNAs (Table S3). 

Experiments were conducted in the CK024 E. coli strain, which contains wild type (WT), 

unmodified lacZ and genome integrated dCas9 (Table S1).  

D) LNT titers for multiplexed dCas13 knockdowns of lacZ and other endogenous gene 

targets. Experiments were conducted in the CK024 E. coli strain (Table S1). Asterisks in 

this panel indicate a statistically significant difference compared to lacZ only (∗: 

p-value < 0.05, ∗∗: p-value < 0.005).  

For all panels, values represent the mean ± standard deviation for at least two biological 

replicates. 
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Supplementary Figures 

 

 
Figure S1. Effect of tlCRISPRi on mRFP expression from crRNAs using either the Ur or 
the RfxCas13d cognate direct repeat (DR) sequence. The crRNAs rfp2 and AAV were 
used as on- and non-targeting, respectively (Table S3). dCas13 was induced with 200 
nM aTc. Values represent the mean ± standard deviation for at least three biological 
replicates. Fold-repression is shown relative to the respective non-targeting for each DR 
sequence.  
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Figure S2. Effect of tlCRISPRi on mRFP expression using dCas13d or dCas13a. The 
crRNAs rfp2 and AAV were used as on-target and non-targeting, respectively (Table 
S3). dCas13 variants were induced with 200 nM aTc. Values represent the mean ± 
standard deviation for at least three biological replicates. 
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Figure S3. A) Time-course OD600

 values for E. coli cultures were measured over 20 
hours with dCas13 and Cas13 induced at 200 nM aTc 1:100 from overnight liquid 

308 



 

cultures that had also been grown with 200 nM aTc. Specific growth rates (μ) were 
calculated using the equation: μ = (ΔlogOD600)/Δt between hours 2 and 6. B) Reporter 
gene expression after 20 hours of the strains shown in the top panel. The crRNAs rfp2 
and AAV were used as on-targets and non-targeting, respectively, targeting a mRFP 
reporter gene (Table S3). The mRFP reporter was constitutively expressed from the 
J3_J23110 promoter. Growth conditions are described in the Materials & Methods. 
Values represent the mean ± standard deviation for at least three biological replicates.  
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Figure S4. Reporter gene expression is shown for tlCRISPRi comparing 
nuclease-inactive dCas13 and nuclease-active Cas13. These cultures were initiated into 
minimal media directly from single colonies on freshly-grown plates. In this context, we 
observed that dCas13d was 7-fold more effective at mRFP repression than Cas13d. 
This distinct behavior compared to Figure S3 may result from significant collateral 
Cas13d activity that disrupts the repression effect. This distinct behavior may result from 
the burden of expressing many heterologous constructs while at the same time 
switching from rich media plates to minimal media. We also cannot exclude the 
possibility that there are differences in protein expression levels for Cas13 and dCas13 
when directly induced. The crRNAs rfp2 and AAV are used as on- and off-targets, 
respectively (Table S3). dCas13 and Cas13 were induced with 200 nM aTc. The mRFP 
reporter was constitutively expressed from the J3_J23110 promoter. Values represent 
the mean ± standard deviation for at least three biological replicates. 
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Figure S5. Fold repression ratio for two fluorescent reporters in an operon targeted by 
both dCas9 and dCas13. For each reporter, the ratio of fold repression for the target 
gene to fold repression of the neighboring operon gene is shown on the Y-axis as a 
measure of polar effects. CRISPRi polar effects are compared between dCas9 (light 
blue) and dCas13 (dark blue). The reporter operon consists of sfGFP followed by 
mRFP, expressed from a strong constitutive promoter (J3_J23110) and separate copies 
of the Bujard RBS. Accompanying raw data and fold repression are shown in Figure 3. 
For dCas9, the sgRNA targets rr2 and NT1 were used to target mRFP and sfGFP 
respectively, and fold repression values were calculated relative to cells expressing an 
non-targeting sgRNA for AAV (Table S3). For dCas13, the crRNA targets rfp2 and gfp2 
were used to target mRFP and sfGFP, and fold repression values were calculated 
relative to cells expressing an non-targeting crRNA for AAV (Table S3). 
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Figure S6. Gene expression for txCRISPRa of two reporter constructs. txCRISPRa was 
performed on multi-gene operons containing either the Bujard (left) and rc (right) 
synthetic RBSs driving expression of sfGFP, the first gene in the operon. The reporter 
uses the weak constitutive promoter J3_J23117, which allows for improved activation 
range over the previously used J23110 minimal promoter. The on-target gRNA used for 
dCas9 was J306 targeting -81 bp from the TSS, and the non-targeting gRNA is AAV 
(Table S3). Values represent the mean ± standard deviation for at least three biological 
replicates. 
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Figure S7. Combined txCRISPRa/tlCRISPRi as described in Figure 4A using a modified 
reporter lacking an RBS for either sfGFP (left) or mRFP (right) to investigate 
translational coupling. All strains contain dCas9 and dCas13 expressed from the 
J23107 promoter. For both dCas9 and dCas13, “NT” denotes expression of a 
non-targeting gRNA. For dCas9, “+” denotes the presence of an on-target, activating 
scRNA. crRNAs used for tlCRISPRi are labeled and sequences are given in Table S3. 
Values represent the mean ± standard deviation for at least three biological replicates. 

 

313 



 

 
 
Figure S8. Gene expression for combined txCRISPRa/tlCRISPRi of a synthetic reporter 
with high translational coupling. The synthetic reporter used to model high translational 
coupling contains the last 60 nucleotides of the trpA gene and the first 60 nucleotides of 
the trpB gene, preceded by BFP and followed by RFP. All strains contain dCas9 and 
dCas13 expressed from the J23107 promoter. For both dCas9 and dCas13, “-” denotes 
expression of a non-targeting gRNA. “+” denotes the presence of an on-target, 
activating scRNA for dCas9. crRNAs used for tlCRISPRi are labeled and sequences are 
given in Table S3. Values represent the mean ± standard deviation for at least three 
biological replicates.  
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Figure S9. Growth time course measured from cells containing dual-CRISPR systems. 
For the cells containing empty vector and dCas9 + MCP-SoxS, the JM109 strain was 
used (Table S1) containing the plasmids pJF043 or pJF234.21, respectively (Table S2). 
For the cells containing dCas9 alone or dCas9, MCP-SoxS, and dCas13, the CK024 
strain was used (Table S1). For the dCas9, MCP-SoxS, and dCas13 condition, the 
plasmid pRC172 was used (Table S2). Growth conditions are described in the Materials 
& Methods. Values represent the mean ± standard deviation for at least three biological 
replicates. Specific growth rates (μ) were calculated using the equation: μ = 
(ΔlogOD600)/Δt between hours 6 and 10.  
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Figure S10. LNT titers with multiple txCRISPRi gRNAs targeting different endogenous 
genes for repression. Three sgRNAs are tested for each target. sgRNA #1 corresponds 
to the same targets shown in Figure 5B. The data reported here are from an 
independent experiment. Modest differences in the titers between the data shown here 
and in Figure 5B may be explained by differences in minimal media or LC/MS solvent 
preparation. Experiments were conducted in the JM109 E. coli strain, which contains a 
lacZ deletion to prevent lactose metabolism. All gRNA sequences are given in Table S3. 
Values represent the mean ± standard deviation for two biological replicates.  
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Supplementary Tables 

Table S1. Strains used in this study 

 

Strain Description Genotype 

MG1655 Wildtype E. coli strain F- λ- ilvG- rfb-50 rph-1 

CK024 Integrated dCas9 used for 
combined dCas9 + dCas13 
experiments 

MG1655_arsB::Sp.pCas9-
dCas9 

JM109 (20) lacZ knockout used for 
dCas9-only LNT 
experiments 

endA1, recA1, gyrA96, thi, 
hsdR17 (rk

–, mk
+), relA1, 

supE44, Δ( lac-proAB), [F´ 
traD36, proAB, 
lacIqZΔM15] 
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Table S2. Plasmids used in this study 

 

Plasmid Marker Replicon Promoter RBS Gene Terminator Reference 

pJF143.J3_J2
3110 

Amp pSC101** J3_J23110 buj mRFP dblTerm (21), 
Figures 1 
and 2 

pRC055 Chlor p15a pTet rc-2 dRxCas13
d 

dblTerm This work, 
Figure 1  

pRC056 Chlor p15a pTet rc-2 RxCas13d dblTerm This work, 
Figure S1  

pRC057.crRN
A 

Chlor p15a pTet 
J23119 

rc-2 
- 

dRxCas13
d 
crRNA 

dblTerm 
ECK12003
3736 

This work, 
Figure 1  

pRC058.crRN
A 

Chlor p15a pTet 
J23119 

rc-2 
- 

RxCas13d 
crRNA 

dblTerm 
ECK12003
3736 

This work, 
Figure S1  

pRC055.117 Chlor p15a J23117 rc-2 dRxCas13
d 

dblTerm This work, 
Figure 1  

pRC055.107 Chlor p15a J23107 rc-2 dRxCas13
d 

dblTerm This work, 
Figure 1  

pRC065.crRN
A 

Chlor p15a J23107 
J23119 

rc-2 
- 

dRxCas13
d 
crRNA 

dblTerm 
ECK12003
3736 

This work, 
Figure 1  

pRC065d.crR
NA 

Chlor p15a J23107 
J23119 

rc-2 
- 

dRxCas13
d 
crRNA 

dblTerm 
ECK12003
3736 

This work, 
Figure 1   

pRC073.crRN
A 

Chlor p15a J23119 - crRNA ECK12003
3736 

This work, 
Figure 1   

pRC146 Kan ColE1 J23119 - crRNA ECK12003
3736 

This work, 
Figure 1   

pRC072 Amp pSC101** J3_23110 buj, buj sfGFP, 
mRFP 

dblTerm This work, 
Figure 3  

pJB003 Amp pSC101** J3_J23117 buj, buj sfGFP, 
mRFP 

dblTerm This work, 
Figure 4  
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pRC239 Amp pSC101** J3_J23117 rc, buj sfGFP, 
mRFP 

dblTerm This work, 
Figure 4 

pRC241 Amp pSC101** J3_J23117 rc, buj mBFP, 
mRFP 

dblTerm This work, 
Figure 4 

pJF083 Amp pSC101** pTet buj mRFP dblTerm This work, 
Figure 2 

pCK667.crRN
A 

Chlor pSC101** pTet 
J23119 

Rbs50k 
- 

dCas13a 
crRNA 

dblTerm This work, 
Figure S1 

pCK513.gRN
A 

Spec pRSF1010 J23107, 
J23107, 
J23119 

Buj, 
Buj, 
- 

dCas9, 
MCP-SoxS, 
scRNA 

dblTerm, 
BBa_B100
2, 
ECK12003
3736 

This work, 
Figure 3 

pJF234.21 Chlor p15a Sp-Pdcas9, 
J23107 
J23105, 
J23105, 
J23105 

Native 
RBS, 
Buj, 
- 
- 
- 

dCas9, 
MCP-SoxS
, 
J306_17 
J506_17 
J606_20 

dblTerm, 
BBa_B100
2, 
ECK12003
3736 (x3) 

This work, 
Figure 5 

pRC280.gRN
A 

Chlor p15a Sp-Pdcas9, 
J23107 
J23105, 
J23105, 
J23105, 
J23110 

Native 
RBS, 
Buj, 
- 
- 
- 
- 

dCas9, 
MCP-SoxS
, 
J306, 
J506, 
J606, 
dCas9 
gRNA 

dblTerm, 
BBa_B100
2, 
ECK12003
3736 (x3) 

This work, 
Figure 5 

pIDF96C Amp pSC101** J3, 
J5, 
J6 

RBS-A, 
RBS-B, 
RBS-C 

lacY, 
lgtA, 
galT 

ECK12003
3737, 
ECK12001
0818, 
ECK12001
5440 

This work, 
Figure 5 

pRC172 Chlor p15a J23107, 
J23107 
J23105, 
J23105, 
J23105 

rc2, 
buj, 
- 
- 
- 

dCas13, 
MCP-SoxS
, 
J306 
J506 
J606 

dblTerm, 
BBa_B100
2, 
ECK12003
3736 (x3) 

This work, 
Figure 5 

319 



 

pRC182 Chlor p15a J23107, 
J23107 
J23105, 
J23105, 
J23105, 
J23110 

rc2, 
buj, 
- 
- 
- 
- 

dCas13, 
MCP-SoxS
, 
J306, 
J506, 
J606, 
dCas13 
gRNA 

dblTerm, 
BBa_B100
2, 
ECK12003
3736 (x4) 

This work, 
Figure 5 

pRC188 Chlor p15a J23107 
J23105, 
J23105, 
J23105 

buj, 
- 
- 
- 

MCP-SoxS
, 
J306 
J506 
J606 

BBa_B100
2, 
ECK12003
3736 (x3) 

This work, 
Figure 5 

pRC189 Chlor p15a J23107 
J23105, 
J23105, 
J23105, 
J23110 

buj, 
- 
- 
- 
- 

MCP-SoxS
, 
J306, 
J506, 
J606, 
dCas13 
gRNA 

dblTerm, 
BBa_B100
2, 
ECK12003
3736 (x4) 

This work, 
Figure 5 

pRC271 Chlor p15a J23107 
J23105, 
J23105, 
J23105, 
J23110, 
J23110 

rc2, 
buj, 
- 
- 
- 
- 
- 

dCas13, 
MCP-SoxS
, 
J306, 
J506, 
J606, 
crRNA 1, 
crRNA 2 

dblTerm, 
BBa_B100
2, 
ECK12003
3736 (x5) 

This work, 
Figure 5 

pJF043 Chlor p15a - - - - (20), Figure 
S6 

pRC289 Amp pSC101** J23110 rc, 
endog. 
trpB 
RBS 

mBFP, 
mRFP 

dblTerm This work, 
Figure S8  
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Table S3. gRNA sequences 

 

gRNA DNA Sequence CRISPR 
System 

Target 

buj1 TGGTACCTTTCTCCTCTTTAATGAATTC dCas13 RFP 

rfp2 AgAACGTCTTCGCTACTCGCCATGGTAC dCas13 RFP 

rfp3 ctcgtgaccgttaacggaaccttccata dCas13 RFP 

rfp4 tttttttctgcataaccggaccgtcgga dCas13 RFP 

rfp5 tgcttacaaaaccgacatcaaactggac dCas13 RFP 

gfp2 ATGAGCAAAGGAGAAGAACTTTTCACTG dCas13 GFP 

rc1 GTGCTCCCTCGTGAGAACTTTTTCGAAC dCas13 rc RBS (expressing 
either sfGFP or 
mBFP) 

rc2 ATAAAACCTCCTTACTCTGTGCTCCCTC dCas13 rc RBS (expressing 
either sfGFP or 
mBFP) 

lacZ-9 TTCTCCGTGGGAACAAACGG dCas9 lacZ 

nagB-9 GTTCACGCAACCTTCAACGG dCas9 nagB 

ugd-9 TACATAGCCAGTACCGGAAA dCas9 ugd 

wecB-9 ACAAACGGTAAATACTCCTG dCas9 wecB 

lacZ-13 cggccagtgaatccgtaatcatggtcat dCas13 lacZ 

nagB-13 ggatcagtctcattattcacctcaataa dCas13 nagB 

ugd-13 agccagtaccggaaatggtgattttcat dCas13 ugd 

wecB-13 aatacagtcagtactttcacatcgattc dCas13 wecB 

J306 TTGTGTCCAGAACGCTCCGT dCas9 -81bp from the TSS 
of synthetic J3 
promoter 

J506 AGCAGCATGAGCAGCATTGA dCas9 -81bp from the TSS 
of synthetic J5 
promoter 
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J606 GTCGCAGTCGCGCGAGCACT dCas9 -81bp from the TSS 
of synthetic J6 
promoter 

AAV GGGGCCACTAGGGACAGGAT dCas13/dCas9 Off-target 

rr2 TGGAACCGTACTGGAACTGC dCas9 RFP 

NT1 CATCTAATTCAACAAGAATT dCas9 GFP 

rfp6 CTTTGATAACGTCTTCGCTACTCGCCAT dCas13 RFP ORF 

bfp gcatgttctccttaatcagctcgctcat dCas13 BFP ORF 

ugd.2 GACATAATCAGCATCCCGGT dCas9 ugd 

ugd.3 CGCCACGCGCATCGCCAGGT dCas9 ugd 

nagB.2 gtcggcaggcccagtacaaa dCas9 nagB 

nagB.3 ccccctgactaccgctgaac dCas9 nagB 

wecB.2 gcgccatcttgatggcttcc dCas9 wecB 

wecB.3 gcatcgggagatgctcgatc dCas9 wecB 

lacZ.2 gtcacgacgttgtaaaacga dCas9 lacZ 

lacZ.3 cgaaagggggatgtgctgca dCas9 lacZ 
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Supplementary Methods 

DNA sequences used in this study 

 
Reporters 
>J3_J23110_buj_sfGFP_buj_mRFP_dblTerm 
AGCATTTGCGATCATTCACGCAGCGCTTATTCAGTTGCTCACTGCGATGTCATAATCATCGCTA
CGAGCTGTGAAAGATGCATAAAGCTCGTACGACGCGTTCGCTCGTCTCCTCACTTCTCCTACGG
AGCGTTCTGGACACAACGTCGTCTTGAAGTTGCGATTATAGAtttacggctagctcagtcctag
gtacaatgctagcGAATTCATTAAAGAGGAGAAAGGTACCATGAGCAAAGGAGAAGAACTTTTC
ACTGGAGTTGTCCCAATTCTTGTTGAATTAGATGGTGATGTTAATGGGCACAAATTTTCTGTCC
GTGGAGAGGGTGAAGGTGATGCTACAAACGGAAAACTCACCCTTAAATTTATTTGCACTACTGG
AAAACTACCTGTTCCGTGGCCAACACTTGTCACTACTCTGACCTATGGTGTTCAATGCTTTTCC
CGTTATCCGGATCACATGAAACGGCATGACTTTTTCAAGAGTGCCATGCCCGAAGGTTATGTAC
AGGAACGCACTATATCTTTCAAAGATGACGGGACCTACAAGACGCGTGCTGAAGTCAAGTTTGA
AGGTGATACCCTTGTTAATCGTATCGAGTTAAAGGGTATTGATTTTAAAGAAGATGGAAACATT
CTTGGACACAAACTCGAGTACAACTTTAACTCACACAATGTATACATCACGGCAGACAAACAAA
AGAATGGAATCAAAGCTAACTTCAAAATTCGCCACAACGTTGAAGATGGTTCCGTTCAACTAGC
AGACCATTATCAACAAAATACTCCAATTGGCGATGGCCCTGTCCTTTTACCAGACAACCATTAC
CTGTCGACACAATCTGTCCTTTCGAAAGATCCCAACGAAAAGCGTGACCACATGGTCCTTCTTG
AGTTTGTAACTGCTGCTGGGATTACACATGGCATGGATGAGCTCTACAAAtaaggatccGAATT
CATTAAAGAGGAGAAAGGTACCATGGCGAGTAGCGAAGACGTTATCAAAGAGTTCATgcgtttc
aaagttcgtatggaaggttccgttaacggtcacgagttcgaaatcgaaggtgaaggtgaaggtc
gtccgtacgaaggtacccagaccgctaaactgaaagttaccaaaggtggtccgctgccgttcgc
ttgggacatcctgtccccgcagttccagtacggttccaaagcttacgttaaacacccggctgac
atcccggactacctgaaactgtccttcccggaaggtttcaaatgggaacgtgttatgaacttcg
aagacggtggtgttgttaccgttacccaggactcctccctgcaagacggtgagttcatctacaa
agttaaactgcgtggtaccaacttcccgtccgacggtccggttatgcagaaaaaaaccatgggt
tgggaagcttccaccgaacgtatgtacccggaagacggtgctctgaaaggtgaaatcaaaatgc
gtctgaaactgaaagacggtggtcactacgacgctgaagttaaaaccacctacatggctaaaaa
accggttcagctgccgggtgcttacaaaaccgacatcaaactggacatcacctcccacaacgaa
gactacaccatcgttgaacagtacgaacgtgctgaaggtcgtcactccaccggtgcttaaggat
ccaaactcgagtaaggatctCCAGGCATCAAATAAAACGAAAGGCTCAGTCGAAAGACTGGGCC
TTTCGTTTTATCTGTTGTTTGTCGGTGAACGCTCTCTACTAGAGTCACACTGGCTCACCTTCGG
GTGGGCCTTTCTGCGTTTATA 
 
>J3_J23117_rc_mBFP_buj_mRFP_dblTerm 
AGCATTTGCGATCATTCACGCAGCGCTTATTCAGTTGCTCACTGCGATGTCATAATCATCGCTA
CGAGCTGTGAAAGATGCATAAAGCTCGTACGACGCGTTCGCTCGTCTCCTCACTTCTCCTACGG
AGCGTTCTGGACACAACGTCGTCTTGAAGTTGCGATTATAGAttgacagctagctcagtcctag
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ggattgtgctagcGTTCGAAAAAGTTCTCACGAGGGAGCACAGAGTAAGGAGGTTTTATatgag
cgagctgattaaggagaacatgcacatgaagctgtacatggagggcaccgtggacaaccatcac
ttcaagtgcacatccgagggcgaaggcaagccctacgagggcacccagaccatgagaatcaagg
tggtcgagggcggccctctccccttcgccttcgacatcctggctactagcttcctctacggcag
caagaccttcatcaaccacacccagggcatccccgacttcttcaagcagtccttccctgagggc
ttcacatgggagagagtcaccacatacgaagacgggggcgtgctgaccgctacccaggacacca
gcctccaggacggctgcctcatctacaacgtcaagatcagaggggtgaacttcacatccaacgg
ccctgtgatgcagaagaaaacactcggctgggaggccttcaccgagacgctgtaccccgctgac
ggcggcctggaaggcagaaacgacatggccctgaagctcgtgggcgggagccatctgatcgcaa
acgccaagaccacatatagatccaagaaacccgctaagaacctcaagatgcctggcgtctacta
tgtggactacagactggaaagaatcaaggaggccaacaacgagacctacgtcgagcagcacgag
gtggcagtggccagatactgcgacctccctagcaaactggggcacaagcttaattaaggatccG
AATTCATTAAAGAGGAGAAAGGTACCATGGCGAGTAGCGAAGACGTTATCAAAGAGTTCATgcg
tttcaaagttcgtatggaaggttccgttaacggtcacgagttcgaaatcgaaggtgaaggtgaa
ggtcgtccgtacgaaggtacccagaccgctaaactgaaagttaccaaaggtggtccgctgccgt
tcgcttgggacatcctgtccccgcagttccagtacggttccaaagcttacgttaaacacccggc
tgacatcccggactacctgaaactgtccttcccggaaggtttcaaatgggaacgtgttatgaac
ttcgaagacggtggtgttgttaccgttacccaggactcctccctgcaagacggtgagttcatct
acaaagttaaactgcgtggtaccaacttcccgtccgacggtccggttatgcagaaaaaaaccat
gggttgggaagcttccaccgaacgtatgtacccggaagacggtgctctgaaaggtgaaatcaaa
atgcgtctgaaactgaaagacggtggtcactacgacgctgaagttaaaaccacctacatggcta
aaaaaccggttcagctgccgggtgcttacaaaaccgacatcaaactggacatcacctcccacaa
cgaagactacaccatcgttgaacagtacgaacgtgctgaaggtcgtcactccaccggtgcttaa
ggatccaaactcgagtaaggatctCCAGGCATCAAATAAAACGAAAGGCTCAGTCGAAAGACTG
GGCCTTTCGTTTTATCTGTTGTTTGTCGGTGAACGCTCTCTACTAGAGTCACACTGGCTCACCT
TCGGGTGGGCCTTTCTGCGTTTATA 
 
dCas9 
>Sp-PdCas9_dCas9_dblTerm 
TTACGAAATCATCCTGTGGAGCTTAGTAGGTTTAGCAAGATGGCAGCGCCTAAATGTAGAATGA
TAAAAGGATTAAGAGATTAATTTCCCTAAAAATGATAAAACAAGCGTTTTGAAAGCGCTTGTTT
TTTTGGTTTGCAGTCAGAGTAGAATAGAAGTATCAAAAAAAGCACCGACTCGGTGCCACTTTTT
CAAGTTGATAACGGACTAGCCTTATTTTAACTTGCTATGCTGTTTTGAATGGTTCCAACAAGAT
TATTTTATAACTTTTATAACAAATAATCAAGGAGAAATTCAAAGAAATTTATCAGCCATAAAAC
AATACTTAATACTATAGAATGATAACAAAATAAACTACTTTTTAAAAGAATTTTGTGTTATAAT
CTATTTATTATTAAGTATTGGGTAATATTTTTTGAAGAGATATTTTGAAAAAGAAAAATTAAAG
CATATTAAACTAATTTCGGAGGTCATTAAAACTATTATTGAAATCATCAAACTCATTATGGATT
TAATTTAAACTTTTTATTTTAGGAGGCAAAAATGGATAAGAAATACTCAATAGGCTTAGcTATC
GGCACAAATAGCGTCGGATGGGCGGTGATCACTGATGAATATAAGGTTCCGTCTAAAAAGTTCA
AGGTTCTGGGAAATACAGACCGCCACAGTATCAAAAAAAATCTTATAGGGGCTCTTTTATTTGA
CAGTGGAGAGACAGCGGAAGCGACTCGTCTCAAACGGACAGCTCGTAGAAGGTATACACGTCGG
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AAGAATCGTATTTGTTATCTACAGGAGATTTTTTCAAATGAGATGGCGAAAGTAGATGATAGTT
TCTTTCATCGACTTGAAGAGTCTTTTTTGGTGGAAGAAGACAAGAAGCATGAACGTCATCCTAT
TTTTGGAAATATAGTAGATGAAGTTGCTTATCATGAGAAATATCCAACTATCTATCATCTGCGA
AAAAAATTGGTAGATTCTACTGATAAAGCGGATTTGCGCTTAATCTATTTGGCCTTAGCGCATA
TGATTAAGTTTCGTGGTCATTTTTTGATTGAGGGAGATTTAAATCCTGATAATAGTGATGTGGA
CAAACTATTTATCCAGTTGGTACAAACCTACAATCAATTATTTGAAGAAAACCCTATTAACGCA
AGTGGAGTAGATGCTAAAGCGATTCTTTCTGCACGATTGAGTAAATCAAGACGATTAGAAAATC
TCATTGCTCAGCTCCCCGGTGAGAAGAAAAATGGCTTATTTGGGAATCTCATTGCTTTGTCATT
GGGTTTGACCCCTAATTTTAAATCAAATTTTGATTTGGCAGAAGATGCTAAATTACAGCTTTCA
AAAGATACTTACGATGATGATTTAGATAATTTATTGGCGCAAATTGGAGATCAATATGCTGATT
TGTTTTTGGCAGCTAAGAATTTATCAGATGCTATTTTACTTTCAGATATCCTAAGAGTAAATAC
TGAAATAACTAAGGCTCCCCTATCAGCTTCAATGATTAAACGCTACGATGAACATCATCAAGAC
TTGACTCTTTTAAAAGCTTTAGTTCGACAACAACTTCCAGAAAAGTATAAAGAAATCTTTTTTG
ATCAATCAAAAAACGGATATGCAGGTTATATTGATGGGGGAGCTAGCCAAGAAGAATTTTATAA
ATTTATCAAACCAATTTTAGAAAAAATGGATGGTACTGAGGAATTATTGGTGAAACTAAATCGT
GAAGATTTGCTGCGCAAGCAACGGACCTTTGACAACGGCTCTATTCCCCATCAAATTCACTTGG
GTGAGCTGCATGCTATTTTGAGAAGACAAGAAGACTTTTATCCATTTTTAAAAGACAATCGTGA
GAAGATTGAAAAAATCTTGACTTTTCGAATTCCTTATTATGTTGGTCCATTGGCGCGTGGCAAT
AGTCGTTTTGCATGGATGACTCGGAAGTCTGAAGAAACAATTACCCCATGGAATTTTGAAGAAG
TTGTCGATAAAGGTGCTTCAGCTCAATCATTTATTGAACGCATGACAAACTTTGATAAAAATCT
TCCAAATGAAAAAGTACTACCAAAACATAGTTTGCTTTATGAGTATTTTACGGTTTATAACGAA
TTGACAAAGGTCAAATATGTTACTGAAGGAATGCGAAAACCAGCATTTCTTTCAGGTGAACAGA
AGAAAGCCATTGTTGATTTACTCTTCAAAACAAATCGAAAAGTAACCGTTAAGCAATTAAAAGA
AGATTATTTCAAAAAAATAGAATGTTTTGATAGTGTTGAAATTTCAGGAGTTGAAGATAGATTT
AATGCTTCATTAGGTACCTACCATGATTTGCTAAAAATTATTAAAGATAAAGATTTTTTGGATA
ATGAAGAAAATGAAGATATCTTAGAGGATATTGTTTTAACATTGACCTTATTTGAAGATAGGGA
GATGATTGAGGAAAGACTTAAAACATATGCTCACCTCTTTGATGATAAGGTGATGAAACAGCTT
AAACGTCGCCGTTATACTGGTTGGGGACGTTTGTCTCGAAAATTGATTAATGGTATTAGGGATA
AGCAATCTGGCAAAACAATATTAGATTTTTTGAAATCAGATGGTTTTGCCAATCGCAATTTTAT
GCAGCTGATCCATGATGATAGTTTGACATTTAAAGAAGACATTCAAAAAGCACAAGTGTCTGGA
CAAGGCGATAGTTTACATGAACATATTGCAAATTTAGCTGGTAGCCCTGCTATTAAAAAAGGTA
TTTTACAGACTGTAAAAGTTGTTGATGAATTGGTCAAAGTAATGGGGCGGCATAAGCCAGAAAA
TATCGTTATTGAAATGGCACGTGAAAATCAGACAACTCAAAAGGGCCAGAAAAATTCGCGAGAG
CGTATGAAACGAATCGAAGAAGGTATCAAAGAATTAGGAAGTCAGATTCTTAAAGAGCATCCTG
TTGAAAATACTCAATTGCAAAATGAAAAGCTCTATCTCTATTATCTCCAAAATGGAAGAGACAT
GTATGTGGACCAAGAATTAGATATTAATCGTTTAAGTGATTATGATGTCGATgcCATTGTTCCA
CAAAGTTTCCTTAAAGACGATTCAATAGACAATAAGGTCTTAACGCGTTCTGATAAAAATCGTG
GTAAATCGGATAACGTTCCAAGTGAAGAAGTAGTCAAAAAGATGAAAAACTATTGGAGACAACT
TCTAAACGCCAAGTTAATCACTCAACGTAAGTTTGATAATTTAACGAAAGCTGAACGTGGAGGT
TTGAGTGAACTTGATAAAGCTGGTTTTATCAAACGCCAATTGGTTGAAACTCGCCAAATCACTA
AGCATGTGGCACAAATTTTGGATAGTCGCATGAATACTAAATACGATGAAAATGATAAACTTAT
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TCGAGAGGTTAAAGTGATTACCTTAAAATCTAAATTAGTTTCTGACTTCCGAAAAGATTTCCAA
TTCTATAAAGTACGTGAGATTAACAATTACCATCATGCCCATGATGCGTATCTAAATGCCGTCG
TTGGAACTGCTTTGATTAAGAAATATCCAAAACTTGAATCGGAGTTTGTCTATGGTGATTATAA
AGTTTATGATGTTCGTAAAATGATTGCTAAGTCTGAGCAAGAAATAGGCAAAGCAACCGCAAAA
TATTTCTTTTACTCTAATATCATGAACTTCTTCAAAACAGAAATTACACTTGCAAATGGAGAGA
TTCGCAAACGCCCTCTAATCGAAACTAATGGGGAAACTGGAGAAATTGTCTGGGATAAAGGGCG
AGATTTTGCCACAGTGCGCAAAGTATTGTCCATGCCCCAAGTCAATATTGTCAAGAAAACAGAA
GTACAGACAGGCGGATTCTCCAAGGAGTCAATTTTACCAAAAAGAAATTCGGACAAGCTTATTG
CTCGTAAAAAAGACTGGGATCCAAAAAAATATGGTGGTTTTGATAGTCCAACGGTAGCTTATTC
AGTCCTAGTGGTTGCTAAGGTGGAAAAAGGGAAATCGAAGAAGTTAAAATCCGTTAAAGAGTTA
CTAGGGATCACAATTATGGAAAGAAGTTCCTTTGAAAAAAATCCGATTGACTTTTTAGAAGCTA
AAGGATATAAGGAAGTTAAAAAAGACTTAATCATTAAACTACCTAAATATAGTCTTTTTGAGTT
AGAAAACGGTCGTAAACGGATGCTGGCTAGTGCCGGAGAATTACAAAAAGGAAATGAGCTGGCT
CTGCCAAGCAAATATGTGAATTTTTTATATTTAGCTAGTCATTATGAAAAGTTGAAGGGTAGTC
CAGAAGATAACGAACAAAAACAATTGTTTGTGGAGCAGCATAAGCATTATTTAGATGAGATTAT
TGAGCAAATCAGTGAATTTTCTAAGCGTGTTATTTTAGCAGATGCCAATTTAGATAAAGTTCTT
AGTGCATATAACAAACATAGAGACAAACCAATACGTGAACAAGCAGAAAATATTATTCATTTAT
TTACGTTGACGAATCTTGGAGCTCCCGCTGCTTTTAAATATTTTGATACAACAATTGATCGTAA
ACGATATACGTCTACAAAAGAAGTTTTAGATGCCACTCTTATCCATCAATCCATCACTGGTCTT
TATGAAACACGCATTGATTTGAGTCAGCTAGGAGGTGACTAACtcgagtaaggatctccaggca
tcaaataaaacgaaaggctcagtcgaaagactgggcctttcgttttatctgttgtttgtcggtg
aacgctctctactagagtcacactggctcaccttcgggtgggcctttctgcgtttata 
 
MCP-SoxS 
J23107_Buj_MCP-SoxS_BBa-B1002 
tttacggctagctcagccctaggtattatgctagcGAATTCATTAAAGAGGAGAAAGGTACCat
ggggcccgcttctaactttactcagttcgttctcgtcgacaatggcggaactggcgacgtgact
gtcgccccaagcaacttcgctaacgggatcgctgaatggatcagctctaactcgcgttcacagg
cttacaaagtaacctgtagcgttcgtcagagctctgcgcagaatcgcaaatacaccatcaaagt
cgaggtgcctaaaggcgcctggcgttcgtacttaaatatggaactaaccattccaattttcgcc
acgaattccgactgcgagcttattgttaaggcaatgcaaggtctcctaaaagatggaaacccga
ttccctcagcaatcgcagcaaactccggcatctacGGTGGCGGAGGTAGCATGTCCCATCAGAA
AATTATTCAGGATCTTATCGCATGGATTGACGAGCATATTGACCAGCCGCTTAACATTGATGTA
GTCGCAAAAAAATCAGGCTATTCAAAGTGGTACTTGCAACGAATGTTCCGCACGGTGACGCATC
AGACGCTTGGCGATTACATTCGCCAACGCCGCCTGTTACTGGCCGCCGTTGAGTTGCGCACCAC
CGAGCGTCCGATTTTTGATATCGCAATGGACCTGGGTTATGTCTCGCAGCAGACCTTCTCCCGC
GTTTTCGCGCGGCAGTTTGATCGCACTCCCGCGGATTATCGCCACCGCCTGTAAGCGGCCGCca
cgcaaaaaaccccgcttcggcggggttttttcgc 
 
dCas9 gRNA 
>J23105_spacer-tracrRNA-MS2_TrrnB 
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tttacggctagctcagtcctaggtactatACTAGTNNNNNNNNNNNNNNNNNNNNGTTTTAGAG
CTAGAAATAGCAAGTTAAAATAAGGCTAGTCCGTTATCAACTTGAAAAAGTGGCACATGAGGAT
CACCCATGTGCTTTTTTTGAAGCTTGGGCCCGAACAAAAACTCATCTCAGAAGAGGATCTGAAT
AGCGCCGTCGACCATCATCATCATCATCATTGAGTTTAAACGGTCTCCAGCTTGGCTGTTTTGG
CGGATGAGAGAAGATTTTCAGCCTGATACAGATTAAATCAGAACGCAGAAGCGGTCTGATAAAA
CAGAATTTGCCTGGCGGCAGTAGCGCGGTGGTCCCACCTGACCCCATGCCGAACTCAGAAGTGA
AACGCCGTAGCGCCGATGGTAGTGTGGGGTCTCCCCATGCGAGAGTAGGGAACTGCCAGGCATC
AAATAAAACGAAAGGCTCAGTCGAAAGACTGGGCCTTTCGTTTTATCTGTTGTTTGTCGGTGAA
CT 
 
dCas13 
>J23107_rc2-rbs_dCas13_dblTerm 
tttacggctagctcagccctaggtattatgctagcGATATACTAAAAGAGGAGAAAACTGATAT
Gatcgaaaaaaaaaagtccttcgccaagggcatgggcgtgaagtccacactcgtgtccggctcc
aaagtgtacatgacaaccttcgccgaaggcagcgacgccaggctggaaaagatcgtggagggcg
acagcatcaggagcgtgaatgagggcgaggccttcagcgctgaaatggccgataaaaacgccgg
ctataagatcggcaacgccaaattcagccatcctaagggctacgccgtggtggctaacaaccct
ctgtatacaggacccgtccagcaggatatgctcggcctgaaggaaactctggaaaagaggtact
tcggcgagagcgctgatggcaatgacaatatttgtatccaggtgatccataacatcctggacat
tgaaaaaatcctcgccgaatacattaccaacgccgcctacgccgtcaacaatatctccggcctg
gataaggacattattggattcggcaagttctccacagtgtatacctacgacgaattcaaagacc
ccgagcaccatagggccgctttcaacaataacgataagctcatcaacgccatcaaggcccagta
tgacgagttcgacaacttcctcgataaccccagactcggctatttcggccaggcctttttcagc
aaggagggcagaaattacatcatcaattacggcaacgaatgctatgacattctggccctcctga
gcggactggcgcactgggtggtcgctaacaacgaagaagagtccaggatctccaggacctggct
ctacaacctcgataagaacctcgacaacgaatacatctccaccctcaactacctctacgacagg
atcaccaatgagctgaccaactccttctccaagaactccgccgccaacgtgaactatattgccg
aaactctgggaatcaaccctgccgaattcgccgaacaatatttcagattcagcattatgaaaga
gcagaaaaacctcggattcaatatcaccaagctcagggaagtgatgctggacaggaaggatatg
tccgagatcaggaaaaatcataaggtgttcgactccatcaggaccaaggtctacaccatgatgg
actttgtgatttataggtattacatcgaagaggatgccaaggtggctgccgccaataagtccct
ccccgataatgagaagtccctgagcgagaaggatatctttgtgattaacctgaggggctccttc
aacgacgaccagaaggatgccctctactacgatgaagctaatagaatttggagaaagctcgaaa
atatcatgcacaacatcaaggaatttaggggaaacaagacaagagagtataagaagaaggacgc
ccctagactgcccagaatcctgcccgctggccgtgatgtttccgccttcagcaaactcatgtat
gccctgaccatgttcctggatggcaaggagatcaacgacctcctgaccaccctgattaataaat
tcgataacatccagagcttcctgaaggtgatgcctctcatcggagtcaacgctaagttcgtgga
ggaatacgcctttttcaaagactccgccaagatcgccgatgagctgaggctgatcaagtccttc
gctagaatgggagaacctattgccgatgccaggagggccatgtatatcgacgccatccgtattt
taggaaccaacctgtcctatgatgagctcaaggccctcgccgacaccttttccctggacgagaa
cggaaacaagctcaagaaaggcaagcacggcatgagaaatttcattattaataacgtgatcagc
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aataaaaggttccactacctgatcagatacggtgatcctgcccacctccatgagatcgccaaaa
acgaggccgtggtgaagttcgtgctcggcaggatcgctgacatccagaaaaaacagggccagaa
cggcaagaaccagatcgacaggtactacgaaacttgtatcggaaaggataagggcaagagcgtg
agcgaaaaggtggacgctctcacaaagatcatcaccggaatgaactacgaccaattcgacaaga
aaaggagcgtcattgaggacaccggcagggaaaacgccgagagggagaagtttaaaaagatcat
cagcctgtacctcaccgtgatctaccacatcctcaagaatattgtcaatatcaacgccaggtac
gtcatcggattccattgcgtcgagcgtgatgctcaactgtacaaggagaaaggctacgacatca
atctcaagaaactggaagagaagggattcagctccgtcaccaagctctgcgctggcattgatga
aactgcccccgataagagaaaggacgtggaaaaggagatggctgaaagagccaaggagagcatt
gacagcctcgagagcgccaaccccaagctgtatgccaattacatcaaatacagcgacgagaaga
aagccgaggagttcaccaggcagattaacagggagaaggccaaaaccgccctgaacgcctacct
gaggaacaccaagtggaatgtgatcatcagggaggacctcctgagaattgacaacaagacatgt
accctgttcgcaaacaaggccgtcgccctggaagtggccaggtatgtccacgcctatatcaacg
acattgccgaggtcaattcctacttccaactgtaccattacatcatgcagagaattatcatgaa
tgagaggtacgagaaaagcagcggaaaggtgtccgagtacttcgacgctgtgaatgacgagaag
aagtacaacgataggctcctgaaactgctgtgtgtgcctttcggctactgtatccccaggttta
agaacctgagcatcgaggccctgttcgataggaacgaggccgccaagttcgacaaggagaaaaa
gaaggtgtccggcaattcctaactcgagtaaggatctccaggcatcaaataaaacgaaaggctc
agtcgaaagactgggcctttcgttttatctgttgtttgtcggtgaacgctctctactagagtca
cactggctcaccttcgggtgggcctttctgcgtttata 
 
>TetR-Ptet_rbs_dCas13a_dblTerm 
ttaagacccactttcacatttaagttgtttttctaatccgcatatgatcaattcaaggccgaat
aagaaggctggctctgcaccttggtgatcaaataattcgatagcttgtcgtaataatggcggca
tactatcagtagtaggtgtttccctttcttctttagcgacttgatgctcttgatcttccaatac
gcaacctaaagtaaaatgccccacagcgctgagtgcatataatgcattctctagtgaaaaacct
tgttggcataaaaaggctaattgattttcgagagtttcatactgtttttctgtaggccgtgtac
ctaaatgtacttttgctccatcgcgatgacttagtaaagcacatctaaaacttttagcgttatt
acgtaaaaaatcttgccagctttccccttctaaagggcaaaagtgagtatggtgcctatctaac
atctcaatggctaaggcgtcgagcaaagcccgcttattttttacatgccaatacaatgtaggct
gctctacacctagcttctgggcgagtttacgggttgttaaaccttcgattccgacctcattaag
cagctctaatgcgctgttaatcactttacttttatctaatctagacatcattaattcctaattt
ttgttgacactctatcgttgatagagttattttaccactccctatcagtgatagagaaaagaat
tcaaaGCGGTTACACTATAAGGAGGTAcaTatgaaagtgacgaaggtaggaggcatttcgcata
agaagtacacgtccgaaggccgcttagtgaagtcagaatcggaagaaaatcgcacagacgaacg
tctgtcggcgttgcttaatatgcgccttgacatgtatatcaagaatcccagcagcacggaaacc
aaggaaaatcaaaaacgcattgggaaattaaagaaattcttctcaaacaaaatggtctatctta
aagacaataccttgagtttgaagaatgggaaaaaggagaacattgatcgtgagtattctgagac
tgacatccttgagagcgatgtccgtgacaagaaaaacttcgccgtgttgaaaaagatctatctg
aatgaaaacgtgaactcggaggaattggaagtttttcgtaacgacattaagaagaaactgaaca
aaatcaacagcctgaagtactcatttgaaaagaataaggcgaattatcaaaagattaatgagaa
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taacatcgagaaggttgaaggtaagtcaaagcgtaacattatttacgattattatcgtgagtca
gcgaaacgtgacgcttatgtaagcaatgtgaaagaagcctttgataagctttacaaggaagagg
acattgcaaaacttgttcttgaaattgagaaccttacgaagttagagaaatacaagattcgcga
gttctaccacgaaattattggacgtaagaatgacaaggaaaactttgcaaaaatcatctacgaa
gaaatccagaatgttaataacatgaaagagttgatcgagaaggtaccggacatgagtgagttga
aaaagagccaagtattttacaagtattacttagacaaagaagagttgaacgacaagaacatcaa
atacgcgttttgtcatttcgtggaaatcgaaatgagtcagttgctgaagaactacgtatataag
cgcttaagtaatatctcgaatgacaaaattaagcgtatctttgaataccagaacttgaaaaaat
tgatcgaaaataagctgttaaacaaacttgacacgtacgtccgtaattgtggaaagtataatta
ttatttgcaagacggcgaaattgccacttcagatttcatcgcccgcaaccgtcagaatgaagcg
tttcttcgcaacatcattggggtgtcatctgtggcctacttttctcttcgcaacattcttgaaa
cggagaacgagaatgatattactgggcgtatgcgcggcaaaacagttaagaacaataaaggtga
agagaagtacgtgtccggagaagttgataagatctataatgaaaataagaagaacgaggttaag
gagaacttaaaaatgttctattcgtacgatttcaatatggacaacaagaatgaaatcgaagatt
tcttcgccaacatcgacgaggcgatttcttccatcgctcacggtattgtcgccttcaacttgga
attagaaggtaaggatatctttgcgttcaagaacattgcgccatccgaaatctcaaagaagatg
tttcagaatgagattaacgagaaaaaactgaaattgaagatctttcgtcaactgaactctgcca
acgtgttccgctatctcgaaaagtataaaattctgaattaccttaaacgtacacgcttcgagtt
tgtcaataaaaatatcccattcgtcccgtctttcaccaaattatattcgcgcattgatgacctg
aagaatagtcttgggatttactggaaaactccgaaaacaaacgacgacaataagactaaggaga
ttattgatgcccaaatctatttgcttaaaaacatctattacggggagttcctgaattatttcat
gtcgaacaatggtaatttctttgagatttctaaagaaatcatcgaattgaacaagaacgataaa
cgcaacttaaagactgggttttacaagctgcaaaagtttgaagacatccaggagaagattccaa
aggaatacttggcgaatatccagtccctgtacatgattaatgccggtaatcaggacgaagaaga
aaaggacacttatattgatttcattcaaaagatcttcttaaagggatttatgacgtatcttgct
aataacggtcgtttaagtctgatttacatcggctcggatgaagaaacaaatacgtcattagcag
aaaagaagcaagagtttgacaagttcttgaagaagtacgagcagaacaataatatcaagatccc
ctatgagatcaatgaattcctgcgtgagatcaaactgggaaacatcctgaagtatactgagcgt
ttaaacatgttctaccttatcttaaagcttttgaatcacaaggagctgacaaatctgaagggta
gtcttgaaaaatatcagtctgccaataaggaagaagcgttctctgaccaattggagttaattaa
cctgcttaaccttgacaacaaccgcgtgacggaagacttcgaattagaggccgacgagattgga
aaatttcttgatttcaatggcaacaaagttaaggataacaaggaactgaaaaagttcgatacaa
acaagatctactttgacggcgagaacattatcaaacaccgtgccttctacaatattaagaaata
tggcatgttaaacttactggagaaaattgccgacaaggctggatacaagatctcgatcgaagag
ctgaagaaatactccaataaaaagaatgagatcgagaagaaccataagatgcaggaaaatctgc
accgcaaatacgctcgtccccgtaaagacgagaagtttacagatgaggactatgaaagttacaa
gcaagctattgagaatattgaggagtacacccaccttaagaacaaggtagaattcaatgagctg
aatttactgcagggcctgttgctgcgcattttacatcgtttagtcggatatacctcaatttggg
aacgcgatctgcgcttccgccttaaaggtgagttcccagaaaaccaatacatcgaagagatctt
caactttgaaaataagaagaacgtgaagtacaaagggggtcagattgtagagaaatacattaaa
ttctacaaggaattacatcaaaatgatgaagttaagatcaacaagtacagttccgcgaatatca
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aggtgttgaagcaagaaaagaaggacctttatattgctaattacatcgccgcattcaattatat
tcctcacgccgagatctcactgctggaagtccttgaaaatttgcgtaaattgctgtcctacgat
cgcaaactgaaaaatgccgtaatgaaatcagtagttgatatccttaaggagtatggttttgtag
ccacattcaaaatcggggcggacaagaagatcggtattcagacactggagagcgaaaaaatcgt
gcatcttaagaatcttaagaagaagaagttaatgactgaccgcaattccgaggaactttgcaaa
ttggtgaagattatgtttgaatacaaaatggaagagaaaaagtctgaaaacTAActcgagtaag
gatctccaggcatcaaataaaacgaaaggctcagtcgaaagactgggcctttcgttttatctgt
tgtttgtcggtgaacgctctctactagagtcacactggctcaccttcgggtgggcctttctgcg
tttata 
 
 
UrCas13 gRNA 
>J23110_Direct-repeat_spacer_ECK120033736 
tttacggctagctcagtcctaggtacaatgctagcCACTAGTGCGAATTTGCACTAGTCTAAAA
CNNNNNNNNNNNNNNNNNNNNNNNNNNNNAAAGCCCCCGGAAGATCACCTTCCGGGGGCTTTtt
tattgcgc 
 
RfxCas13 gRNA 
>J23110_Direct-repeat_spacer_ECK120033736 
tttacggctagctcagtcctaggtacaatgctagcAACCCCTACCAACTGGTCGGGGTTTGAAA
CNNNNNNNNNNNNNNNNNNNNNNNNNNNNAAAGCCCCCGGAAGATCACCTTCCGGGGGCTTTtt
tattgcgc 
 
 
LNT pathway 
>J3_J23117_RBS-A_lacY 
AGCATTTGCGATCATTCACGCAGCGCTTATTCAGTTGCTCACTGCGATGTCATAATCATCGCTA
CGAGCTGTGAAAGATGCATAAAGCTCGTACGACGCGTTCGCTCGTCTCCTCACTTCTCCTACGG
AGCGTTCTGGACACAACGTCGTCTTGAAGTTGCGATTATAGAttgacagctagctcagtcctag
ggattgtgctagcAAAGATCTTTTAAGAAGGAGATATACATatgtactatttaaaaaacacaaa
cttttggatgttcggtttattctttttcttttacttttttatcatgggagcctacttcccgttt
ttcccgatttggctacatgacatcaaccatatcagcaaaagtgatacgggtattatttttgccg
ctatttctctgttctcgctattattccaaccgctgtttggtctgctttctgacaaactcgggct
gcgcaaatacctgctgtggattattaccggcatgttagtgatgtttgcgccgttctttattttt
atcttcgggccactgttacaatacaacattttagtaggatcgattgttggtggtatttatctag
gcttttgttttaacgccggtgcgccagcagtagaggcatttattgagaaagtcagccgtcgcag
taatttcgaatttggtcgcgcgcggatgtttggctgtgttggctgggcgctgtgtgcctcgatt
gtcggcatcatgttcaccatcaataatcagtttgttttctggctgggctctggctgtgcactca
tcctcgccgttttactctttttcgccaaaacggatgcgccctcttctgccacggttgccaatgc
ggtaggtgccaaccattcggcatttagccttaagctggcactggaactgttcagacagccaaaa
ctgtggtttttgtcactgtatgttattggcgtttcctgcacctacgatgtttttgaccaacagt
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ttgctaatttctttacttcgttctttgctaccggtgaacagggtacgcgggtatttggctacgt
aacgacaatgggcgaattacttaacgcctcgattatgttctttgcgccactgatcattaatcgc
atcggtgggaaaaacgccctgctgctggctggcactattatgtctgtacgtattattggctcat
cgttcgccacctcagcgctggaagtggttattctgaaaacgctgcatatgtttgaagtaccgtt
cctgctggtgggctgctttaaatatattaccagccagtttgaagtgcgtttttcagcgacgatt
tatctggtctgtttctgcttctttaagcaactggcgatgatttttatgtctgtactggcgggca
atatgtatgaaagcatcggtttccagggcgcttatctggtgctgggtctggtggcgctgggctt
caccttaatttccgtgttcacgcttagcggccccggcccgctttccctgctgcgtcgtcaggtg
aatgaagtcgcttaa 
 
>J5_J23117_RBS-B_lgtA 
TGGCAATTCCGACGTCTATACATCGCATCACTACACTATTGATTATCATTGTGTACGTAACGAG
CTTGCACAACGTGAAGTTCTTCGAGCACTTCAGCTCGCAACGTAAATGACAGTTGCTGTTAAGT
GACGTGAATCCTTCAATGCTGCTCATGCTGCTGTCGTAAATAAGTAAGTCACTCCCACttgaca
gctagctcagtcctagggattgtgctagcAACTGGTAATTTGAGGAGGTAATTTATGCCGTCGG
AAGCCTTTCGTCGCCATCGTGCGTACCGTGAAAACAAACTTCAGCCTTTGGTGTCTGTTTTGAT
CTGCGCGTATAATGTAGAGAAGTATTTTGCACAGAGTCTGGCTGCGGTTGTGAACCAAACCTGG
CGTAACTTAGACATCTTAATCGTCGATGACGGAAGTACAGATGGCACGTTGGCGATCGCACAAC
GTTTCCAAGAGCAAGATGGTCGCATCCGTATCTTAGCCCAGCCACGCAATTCGGGACTTATCCC
ATCTTTGAACATTGGACTTGATGAACTGGCTAAAAGTGGCATGGGAGAATACATTGCGCGCACT
GATGCGGATGACATTGCAGCGCCCGACTGGATCGAGAAAATCGTGGGAGAGATGGAGAAAGATC
GCTCTATCATCGCTATGGGAGCATGGTTAGAGGTTCTGTCAGAGGAGAAGGACGGCAACCGTTT
AGCTCGTCACCATGAGCATGGAAAAATCTGGAAAAAACCCACCCGCCACGAAGACATCGCCACG
GTCTTCCCATTCGGTAACCCAATCCACAATAATACAATGATTATGCGTCGTAGCGTGATTGATG
GAGGTCTTCGCTACAACACTGAGCGCGATTGGGCCGAGGATTACCAGTTTTGGTATGACGTGAG
CAAGTTAGGCCGTCTGGCTTACTATCCAGAAGCGCTGGTGAAGTACCGTCTTCATGCGAACCAG
GTGTCAAGTAAATACAGTGTACGTCAACATGAAATCGCACAGGGTATCCAAAAAACAGCGCGCA
ATGATTTTTTGCAGAGCATGGGTTTTAAAACACGCTTCGACAGCTTGGAGTATCGCCAAATCAA
AGCCGTAGCCTATGAATTACTGGAAAAGCATCTGCCGGAGGAAGATTTTGAGCGTGCCCGCCGC
TTTTTATACCAATGTTTTAAACGCACCGACACCCCACCAGCTGGCGCCTGGCTTGATTTTGCCG
CCGACGGCCGTATGCGTCGCTTATTTACTTTGCGCCAATATTTCGGTATCTTACGCCGTCTGTT
GAAAAATCGCTGA 
 
>J6_J23117_RBS-C_galT 
cctgcacgagttcgctgtcgagacaagtctcttagcgacgtattacgaagatcacatagtcaga
tgaagctatagagcacgacgctaacgattacgtcacgcttgacacaacagtttcgctacctagt
gctcgcgcgactgcgacgttgtccttctagtcgcccatgactcttgacagctagctcagtccta
gggattgtgctagcAATCTCATAAATCAAATATAGGGAGGATCATATGGACACCATCATGATTA
AACGTCCGCTGGTTAGCGTTATTCTGCCGGTGAATAAAAACAATCCGCATCTGGAAGAAGCAAT
CCAGAGCATTAAAAACCAGACCTATAAAGAGCTGGAACTGATCATTATTGCCAACAACTGCGAG
GATAACTTTTATAGCCTGCTGCTGAAATATCAGGACCAGAAAACCAAAATTATCCGCACCAGCA
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TCAAATATCTGCCGTTTAGCCTGAATCTGGGTGTTCATCTGAGCCAGGGTGAATATATTGCACG
TATGGATTCAGATGATATCAGCGTTCTGGATCGCATTGAAAAACAGGTTAAACGCTTTCTGAAT
ACACCGGAACTGAGCATTCTGGGTAGCAATGTTGAATATATCAATGAAGCCAGCGAAAGCATTG
GCTATAGCAACTATCCGCTGGATCATAGCAGCATTGTTAATAGCTTTCCGTTTCGTTGTAATCT
GGCACATCCGACCATTATGGTTAAAAAAGAAGTGATTACCACGCTTGGTGGCTATATGTATGGT
AGCCTGAGCGAAGATTATGATCTGTGGATTCGTGCAAGCCGTCATGGCAATTTCAAATTTAGCA
ATATTGATGAACCGCTGCTGAAGTACCGTATTCATAAAGGTCAGGCAACCAATAAAAGCAACGC
CTATAACATCTTTGCCTTTGATAGCAGCCTGAAAATCCGTGAATTTCTGCTGAATGGTAATGTG
CAGTATCTGCTGGGTGCAGCACGTGGTTTTTTTGCATTTCTGTATGTGCGCTTCATCAAAAAAT
GA 
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