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Prokaryotic systems are promising platforms for bioproduction, but the complexity of their 

gene regulatory and metabolic networks presents significant challenges for engineering 

efficient biosynthetic pathways. While CRISPR-Cas technologies have revolutionized 

genome editing in eukaryotes, the development of programmable, multi-layer 

transcriptional control in bacteria is still emerging. This work outlines our efforts to expand 

the bacterial CRISPR toolkit and develop predictive models that enable dynamic and 

rational design of prokaryotic systems. We begin with a review of the diverse CRISPR-

Cas systems available for gene editing and regulation in prokaryotes, emphasizing recent 

innovations that offer precise and flexible control over gene expression. Building on this 

foundation, we engineered interconnected CRISPRa/i circuits capable of executing 

dynamic genetic programs in both cell-free and bacterial systems, showing that these 

circuits can be layered to achieve temporal regulation and logic-based behaviors. To 

increase circuit complexity, we designed synthetic promoters that can be selectively 

activated by CRISPRa and are tunable by various inputs, including light, peptides, and 

small molecules—enabling the creation of large, multi-input transcriptional networks. 

Finally, we developed automated workflows for constructing large-scale kinetic models 

using proteomic and metabolomic data, which allow for prediction of system-wide 

metabolic responses and the identification of promising biosynthetic pathways. Together, 

these advances provide a versatile framework for programming sophisticated, multi-gene 

functions in prokaryotes, accelerating the development of next-generation microbial 

platforms for bioproduction. 
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Reading Guide 

Chapter 1 is comprised of our review published in Annual Review of Chemical and 2 

Biomolecular Engineering, “CRISPR Tools for Engineering Prokaryotic Systems: Recent 

Advances and New Applications”, and serves as an introduction to different CRISPR-Cas 4 

systems and their applications in prokaryotic genetic engineering, both for gene editing 

as well as gene regulation. 6 

Chapter 2 is comprised of our manuscript published in Cell Systems, “Multi-layer 

CRISPRa/i Circuits for Dynamic Genetic Programs in Cell-Free and Bacterial Systems”, 8 

which demonstrates how CRISPR transcriptional control tools can be interconnected to 

assemble control circuits capable of carrying out dynamic genetic programs in both. 10 

Chapter 3 includes our manuscript published in Proceedings of the National Academy of 

Sciences, “Engineering Activatable Promoters for Scalable and Multi-Input CRISPRa/i 12 

Circuits”, which describes how prokaryotic promoters can be engineered to enable 

construction of larger CRISPRa circuits. We also show that CRISPRa/i circuits can be 14 

interfaced with a wide variety of input signals, such as light, peptides, and small 

molecules. 16 

Chapter 4 presents our manuscript, “Automated Assembly of Large Kinetic Metabolic 

Models of Prokaryotic Systems”, which describes workflows for building and 18 

parameterizing kinetic models using proteomics and metabolomics data. We introduce 

computational tools for retrieving enzyme kinetic parameters, parallel model fitting, and 20 

demonstrate how the resulting models can predict system-wide effects of metabolic 

perturbations and support biosynthetic pathway prospecting.  22 
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Abstract 

In the past decades, the broad selection of CRISPR-Cas systems has 32 

revolutionized biotechnology by enabling multimodal genetic manipulation in diverse 

organisms. Rooted in a molecular engineering perspective, in this review we recapitulate 34 

the different CRISPR components and how they can be designed for specific genetic 

engineering applications. We first introduce the repertoire of Cas proteins and tethered 36 

effectors used for programing new biological functions through gene editing and gene 

regulation. We review current guide RNA design strategies and computational tools, and 38 

how CRISPR-based genetic circuits can be constructed through the regulated expression 

of gRNAs. Then, we present recent advances in CRISPR-based biosensing, 40 

bioproduction, and biotherapeutics across in vitro and in vivo prokaryotic systems. Finally, 

we discuss forthcoming applications in prokaryotic CRISPR technology that will transform 42 

synthetic biology principles in the near future. 

 44 

 

Keywords: CRISPR, prokaryote, genetic circuits, biosensing, bioproduction, 46 

biotherapeutic 

 48 

 

  50 
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Introduction 

Synthetic biologists seek to understand and harness biological systems to 52 

engineer solutions in a wide variety of fields, ranging from chemical bioproduction to 

medicine, agriculture, and energy (1, 2). In the past decade, CRISPR-Cas tools have 54 

revolutionized biological research by making designing and multiplexing complex genetic 

functions simpler compared to previous molecular tools. This rapid ability to modify 56 

genetic material is streamlining reverse engineering of genotype-phenotype relationships 

and genetically encoding new desired functions. To expand beyond these applications, 58 

molecular tools that facilitate novel genetic manipulation are in great demand (3). 

Sequence-specific DNA-binding domains combined with different effector 60 

complexes, including nucleases, transcriptional regulators, and base editors, have been 

successful in many genetic engineering applications (4–6). Protein-based tools consisting 62 

of DNA-binding domains derived from zinc-finger nucleases (ZFNs) or transcription 

activator-like effector proteins (TALEs) offer robust and very precise behaviors (7). 64 

However, tuning their effect and designing them to target multiple genes is relatively 

difficult. In contrast, CRISPR tools facilitate targeting of multiple sites simultaneously 66 

since targets are encoded through simple Watson-Crick interactions in short guide RNA 

(gRNA) sequences. In terms of designability, the discovery of new CRISPR systems, 68 

paired with a wide variety of tethered effector domains, have greatly expanded the palette 

of genetic engineering tools (8–11).  70 

Genetic engineering can be subdivided into 1) gene editing to change the 

underlying genetic information and 2) gene regulation to change how the information is 72 

processed. To date, a wide range CRISPR-Cas techniques have been developed for 
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gene editing, spanning from DNA double strand break by Cas nucleases to large DNA 74 

integrations via CRISPR-assisted transposases (12–15). Base editing is another 

promising gene editing technique that introduces point mutations into DNA or RNA by 76 

using nickase or catalytically-dead Cas proteins (nCas or dCas, respectively) to localize 

nucleobase editor enzymes to precise target sites (16, 17). Emerging gene editing 78 

effectors in combination with improving knowledge in Cas protein engineering has 

enabled rapid developments of novel CRISPR editing systems (18). Many CRISPR-80 

based tools are now available for up- and down-regulation of gene expression by fusing 

dCas proteins to transcriptional or translational regulation effector domains. dCas9 was 82 

rapidly repurposed for programmable transcriptional repression, termed CRISPR 

interference (CRISPRi), by physically blocking the transcription initiation or elongation 84 

processes (13, 19). Other dCas proteins have also been implemented in the same 

fashion, including repertoire of dCas9s from different species (20) and dCas12 (21, 22). 86 

The transcriptional activation counterpart, termed CRISPR activation (CRISPRa), was 

promptly developed in eukaryotes based on transcription factors widely applicable in any 88 

eukaryotic system, e.g. VP64 (23, 24). In contrast, prokaryotic CRISPRa lagged behind 

due to limited universal transcriptional activators and stringent design rules for 90 

implementation (25, 26). Nevertheless, these genetic engineering tools are now broadly 

applied in different bacteria (27). 92 

The versatility of CRISPR gene regulation and gene editing tools has fueled many 

applications across diverse bacteria as well as cell-free systems (Figure 1). In bacteria, 94 

CRISPR tools are being used for rapid strain engineering in model organisms such as E. 

coli, mainly for bioproduction applications (28, 29). More recently, CRISPR tools have 96 
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also been implemented in non-model microbes such as C. necator, R. sphaeroides, and 

C. autoethanogenum due to their unique metabolisms and wide range of substrate 98 

utilization, including CO2 (30–33). Beyond metabolic engineering applications, 

biotherapeutic bacteria harboring CRISPR tools are now capable of recording changes in 100 

their environment and deploying novel antimicrobials (34–38). In cell-free systems, 

purified Cas enzymes and gRNAs are widely used as biosensors for in vitro diagnostics 102 

of nucleic acids, small molecules, proteins, and even bacteria (39, 40). Moreover, cell-

free expression systems (CFES) that also contain the molecular machinery required for 104 

gene expression, such as PURE or lysate-based TXTL (41–43), have accelerated the 

characterization of new CRISPR systems and the development of CRISPR genetic 106 

circuits (44–47). In turn, these advancements are paving the way for cell-free 

bioproduction platforms and biosensors that can multiplex input signals and launch 108 

appropriate CRISPR programs in response (42, 48–51). 

This article reviews CRISPR-based genetic engineering tools developed to date 110 

and their cutting-edge applications across diverse bacteria and cell-free systems. For 

eukaryotic counterparts, several reviews were recently published (18, 52–54). We first 112 

showcase the designability and modularity of CRISPR systems by covering the 

constituent components, namely the different Cas proteins, tethered effectors, and 114 

gRNAs, and how they can be designed for specific genetic engineering applications 

(Figure 1). We then examine how CRISPR-tools can be integrated into genetic circuits, 116 

granting a new layer of programmability and a framework for genetic information 

processing. We describe how these different CRISPR systems are being used for 118 

engineering complex biosensing, bioproduction, and biotherapeutics platforms. Lastly, we 
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discuss the current challenges that CRISPR technologies encounter and explore the next-120 

generation of CRISPR applications in bacteria. 
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Figure 1: CRISPR Tools for Genetic Engineering Prokaryotic Systems 122 

  



17 

 

Figure 1: Schematic of different CRISPR tools and their mode of action. The top left panel 124 

depicts the main components of a CRISPR tool: Cas protein, guide RNA (gRNA), effector, 

and RNA binding protein (RBP). For simplicity, different Cas proteins are depicted the 126 

same and labeled accordingly. Plasmid and genomic DNA could be used 

interchangeably. (1) A dCas9-based transcriptional activation tool that recruits the SoxS 128 

activator through the RBP PP7 coat protein (PCP) and once localized to a gene of interest 

and upregulates RNA transcription. (2) A CRISPR circuit operating through the regulated 130 

expression of gRNAs that target other gRNAs and controls a gene of interest. In this case, 

SoxS is recruited through the MS2 coat protein (MCP). (3) A transcriptional activation tool 132 

in which recruitment of the effector SoxS is mediated by heterodimerization domains 

(HDD) responsive to a small-molecule. (4) A nCas9-based tool that uses Petromyzon 134 

marinus cytidine deaminase 1 (PmCDA1) and uracil DNA glycosylase inhibitor (UGI) for 

making DNA edits at a location specified by the gRNA. (5) A dCas12-based transcriptional 136 

repression tool capable of downregulation transcription of a gene of interest. (6) A 

dCas13-based tool tether to tRNA adenosine deaminase A (TadA) capable of targeting 138 

specific RNAs for base editing. (7) A Cas13-based tool that cleaves target RNA and can 

trigger collateral cleavage activity of any RNA. (8) A nCas9 tool capable of recording the 140 

presence of an mRNA by making DNA edits with the tethered rat apolipoprotein B mRNA 

editing enzyme catalytic subunit 1 (rAPOBEC1). (9) A Cas9 system capable of making 142 

precise DNA double stranded cuts. (10) A dCas13 translational repression system that 

downregulates protein translation from a specific mRNA.  144 
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Engineering CRISPR components to build diverse molecular tools  

Since the first demonstrations of genetic engineering with Cas9, a plethora of 146 

CRISPR tools based on different Cas proteins have been developed. The fast and wide 

adoptance of CRISPR tools has been fueled mainly by two inherent properties: i) 148 

designability of the CRISPR systems based on different Cas proteins, tethered effectors, 

and gRNA properties, and ii) multiplexibility of CRISPR programs based on orthogonal 150 

gRNAs. In this section, we describe the different CRISPR components, how they can be 

engineered, and how they can be combined in a modular fashion to suit specific 152 

applications.  

  154 
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Figure 2: Design Considerations when Engineering CRISPR Tools 

 156 

Figure 2: Schematic of the different CRISPR components and how they can be 

engineered. Given the diversity of Cas proteins (Table 1), several properties, such as 158 

DNA or RNA targeting and trans-cleavage activity, must be considered based on the 

specific application. Effectors for transcriptional regulation or base editing (Table 2) can 160 

be covalently tethered to the Cas protein, or recruited through a set of orthogonal scaffold 

pairs consisting of a RNA binding protein and the cognate RNA hairpin encoded in the 162 

gRNA. When designing gRNAs, there are several techniques to tune their activity and 

computational tools to ensure proper folding (see gRNA design strategies section).  164 
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The different types of CRISPR-Cas proteins 166 

Natural CRISPR-Cas systems differ greatly in their nucleic acid recognition 

capabilities and additional functionality such as collateral cleavage and transposase 168 

activity (55). The current CRISPR-Cas classification encompasses two distinct classes 

differentiated by the architecture of the interference module involved in target recognition 170 

and nucleic acid cleavage. Class 1 CRISPR systems, subdivided into types I, III, and IV, 

include ∼90% of all CRISPR loci identified in bacterial and archaeal genomes and 172 

contain interference modules composed of multiple genes encoding interference 

subunits. In contrast, class 2 CRISPR systems have condensed interference modules 174 

housed within a single multi-domain protein. Importantly, class 2 systems have 

proven more amenable to engineering efforts due to this compact nature, and 176 

therefore will be the focus of this review. Initially represented solely by Cas9 (type II), 

there are now numerous Cas9 variants as well as Cas12 (type V) and Cas13 (type VI) 178 

serving as the basis for the development of versatile and orthogonal molecular tools for 

biosensing and bioproduction applications.  180 

Type II: the Cas9 workhorse for DNA targeting  

 The DNA binding activity of Type II CRISPR systems can easily be controlled by 182 

an engineered small guide RNA (gRNA), making them particularly well-suited for DNA 

manipulation applications. In general, type II systems consist of a Cas9 protein and two 184 

RNAs, a trans-activating RNA (tracrRNA) and a CRISPR RNA (crRNA). The tracrRNA 
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serves as the binding scaffold for the Cas9 protein, while the crRNA is the complementary 186 

sequence or spacer for the target DNA. In native systems, the tracrRNA and crRNA 

hybridize; however, many engineered systems fuse the two into a single guide RNA 188 

(sgRNA) with similar performance in vitro (12). Cas9 DNA targeting requires two key 

features: DNA target and gRNA spacer complementarity, and a protospacer adjacent 190 

motif (PAM) directly flanking the DNA target, necessary for preventing self-digestion of 

the gRNA encoding sequence. Mechanistically, Cas9 first scans DNA for potential PAMs 192 

and then checks guide-target complementarity. Once guide-target complementarity is 

validated (56, 57), the nuclease domains of Cas9 generate double-stranded breaks 194 

(DSBs) into the target DNA. While mismatched spacer sequences can be tolerated, strict 

PAM requirements often limit Cas9 targeting (57, 58). For instance, the density of PAM 196 

sequences from the most widely used Cas9, SpyCas9 from Streptococcus pyogenes, is 

only ~1 PAM (5’-NGG-3’) every 10 bases in the regions upstream of endogenous 198 

promoters in the E. coli genome (50.5% GC) (25). PAM density for SpyCas9 is potentially 

higher in organisms whose genome has high GC-content (e.g. P. putida 61.5% GC) but 200 

will be lower in AT-rich bacteria (e.g. C. autoethanogenum 31.1% GC). Therefore, 

engineering non-model organisms with low GC-content could be challenging with 202 

SpyCas9 alone. 

To increase the range of PAMs and associated loci for targeting, many groups 204 

have mined for new orthologs using bioinformatic tools (59, 60). Other type II Cas9s 

systems were found to have completely different consensus PAM sequences, a wide 206 

range of sizes, and distinct tracrRNAs (Table 1). For example, SmacCas9 from 

Streptococcus macacae has adenine-rich PAM preference (5′-NAAN-3′) which enables 208 
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targeting at AT-rich regions (61). ScCas9 from Streptococcus canis has less restrictive 

5′-NNG-3′ PAM (62). On the other hand, Sth1Cas9 and Sth3Cas9 from Streptococcus 210 

thermophilus have more stringent PAMs, 5′-NNAGAAW-3′ and 5′-NGGNG-3′, 

respectively; however, longer PAMs offer significantly lower off-target effects (63, 64). To 212 

facilitate prototyping of new Cas proteins, many groups have built computational pipelines 

to predict functional PAM sequences of various CRISPR-Cas systems. Rybincky and 214 

colleagues built Spacer2PAM to predict PAM sequences for 10 microbial organisms (65). 

Similarly, CASPERpam enables assessment of PAM sequences for all available CRISPR 216 

systems in the NCBI database of bacterial genomes (66). For instance, a type II-C 

CRISPR system from M. heyeri investigated by Spacer2PAM showed broader PAM-218 

flexibility (5’-GSNN-3’) compared to SpyCas9. Additional details on the size and 

compatibility of PAMs from different Cas9 orthologs beyond the scope of this review can 220 

be found in the recent review by Collias & Beisel 2021 et al. (67). 

 222 

Table 1: Cas proteins prevalent in Prokaryotic Applications 

Type Cas protein Size (aa) PAM/PFS Target substrates Refs. 

Type II 

SpyCas9 ~1400 NGG dsDNA (12) 

xCas9-NG ~1400 NGN dsDNA (68) 

SpRYCas9 ~1400 NRN > NYN dsDNA (69) 
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SmacCas9 ~1400 NAA dsDNA (61) 

Sth1Cas9, 

Sth3Cas9 
~1200 

NNAGAAW, 

NGGNG 
dsDNA (63, 64) 

ScCas9 ~1400 NNG dsDNA (62) 

Nme1Cas9, 

Nme2Cas9, 

Nme3Cas9 

~1000 
N4GYTT, 

N4CC, N4CAAA 
dsDNA (70) 

SauCas9 ~1000 NNGRRT dsDNA (71) 

CjCas9 ~1000 N4RYAC dsDNA (72) 

SauriCas9, 

SacCas9 
~1000 NNGG, NAAN dsDNA (73) 

Type V 

Cas12a ~1500 TTV dsDNA, ssDNA 
(22) 

AsCas12a -RR ~1500 TYCV dsDNA, ssDNA (74) 

AsCas12a - 

RVR 
~1500 TATV dsDNA, ssDNA 

(74) 
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enAsCas12a - 

HF 
~1500 TRTV dsDNA, ssDNA 

(75) 

Cas12b ~1300 TTN dsDNA, ssDNA 
(76) 

Cas12c ~1300 TG or TN dsDNA, ssDNA 
(77, 78) 

Cas12d, or 

CasY 
~1300 TA or TG dsDNA, ssDNA (79) 

Cas12e or 

CasX 
~1000 TTCN dsDNA (80) 

Cas12f, or 

Cas14 
~600 - ssDNA (81, 82) 

Casμ ~500 ATTA dsDNA (83) 

Cas12g ~800 - ssRNA (84) 

Cas12h ~900 RTR dsDNA, ssDNA (85) 

Cas12i ~1,100 TTN dsDNA, ssDNA (85) 
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Cas12j, or 

CasΦ 
~750 TBN dsDNA, ssDNA (86, 87) 

Cas12k ~650 GTN dsDNA (88) 

Cas12l ~850 CCY dsDNA (89, 90) 

Cas12m ~600 TTN dsDNA (78) 

Cas12n ~500 AAN dsDNA, ssDNA (91) 

Type VI 

Cas13a ~1200 3’ H ssRNA (92) 

Cas13b ~1100 

5’ D, 

3’ NNA, NAN 

ssRNA (93) 

Cas13c ~1100 - ssRNA (94) 

Cas13d ~900 - ssRNA (95) 

Cas13X, 

Cas13Y 
~750 - ssRNA (96) 

 224 
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As an alternative to mining Cas9 orthologs, protein engineering has been 

successfully employed to broaden or alter the specificity of PAM recognition domains in 226 

common CRISPR nucleases (Table 1). These protein engineering efforts have ranged 

from chimera construction, random mutagenesis, structure-guided design, and high-228 

throughput PAM determination assays (68, 69, 97–99). Kleinstiver et al. reported 

modification of SpyCas9 PAM recognition, where they used structural information to 230 

perform bacterial directed evolution (97). This approach generated many SpyCas9 

variants that shifted the SpyCas9 PAM recognition from 5′-NGG-3′ to 5′-NGA-3′ (VQR 232 

variant), 5′-NGAG-3′ (EQR variant), or 5′-NGCG-3′ (VRER variant). Hu et al. used phage-

assisted continuous evolution of the a-helical recognition domain to evolve expanded 234 

PAM SpyCas9 variants capable of targeting 5′-NG-3′ (xCas9-3.7), 5′-GAA-3′, and 5′-GAT-

3′ (68). In pursuit of similar goals, Nishimasu et al. screened structure-guided designs to 236 

develop another expanded PAM variant, SpCas9-NG, also targeting 5’-NG-3’ PAMs (69). 

Comparison of xCas9 and SpCas9-NG demonstrated that SpCas9-NG has superior 5’-238 

NG-3’ PAM recognition. Similar engineering efforts to increase PAM-flexibility were also 

conducted in other Cas9 variants (100–102). Overall, near PAM-less Cas9 variants 240 

whose specificity depends predominantly on target-spacer complementarity have shown 

to improve target accessibility and efficacy in both eukaryotic (98, 99, 103) and bacterial 242 

systems (102, 104, 105). 

However, PAM expansion can lead to extended timescales for target recognition 244 

and increased off-target effects (57, 58, 106). To address off-target effects, both rational 

engineering and enzyme selection approaches have been used to develop high-fidelity 246 

SpyCas9 variants with reduced off-target activity (107–112). For instance, eSpCas9(1.1), 
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was engineered by disrupting interactions between positively charged residues of Cas9 248 

and negatively charged target DNA backbone (112). Selection-based engineering yielded 

EvoCas9 and Sniper-Cas9 which showed improved fidelity compared to previous Cas9 250 

variants (107, 111). Introducing mutations that confer high-fidelity traits into a PAM-

expanded variant could also mitigate the off-target effect instigated by PAM flexibility (99). 252 

However, most of the high-fidelity variants have yet to be characterized across bacteria.  

In the case of nuclease-deactivated Cas9 (dCas9), SpydCas9 has also been 254 

shown to bind non-specifically to NGG PAM sites (106) and to off-target genomic loci with 

up to six mismatched nucleotides that differ from the spacer (113). dCas9 exhibits toxicity 256 

rooting from this promiscuous DNA binding effect when expressed at high level in bacteria 

(114, 115). Although previous works have demonstrated that Cas9 off-target binding 258 

directly scales with PAM flexibility (69, 97, 99), we observed that increased dCas9 PAM-

flexibility has no additional growth defect compared to original dCas9, possibly due to 260 

reducing CRISPRi-like effect (104). This finding suggests that adverse effects from Cas 

engineering might behave differently depending on the biological function of the Cas 262 

proteins. 

Overall, PAM expansion has increased our targeting ability with Cas9-based 264 

genetic tools, but not without functional tradeoffs. Hence, frameworks for choosing the 

most effective variant for a given set of targets and specific applications are necessary. 266 

For instance, although PAM-flexible dCas9 variants exhibit greater CRISPRa efficiency, 

CRISPRi gene repression efficiency with the same variants is decreased (104) . To this 268 

end, there are now tools such as CasPEDIA, an encyclopedia of CRISPR systems with 

comprehensive descriptions of enzyme activities and experimental considerations (116). 270 
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Systematic characterization of Cas9 variants across bacteria will enhance these 

databases and streamline the process of choosing the optimal Cas9 variant for a given 272 

set of target genes and specific applications. 

Type V: a diverse Cas12 family 274 

After the Type II Cas9 CRISPR system, the second most broadly used systems 

are Type V interference effectors, Cas12 proteins. Cas12 enzymes possess a RuvC-like 276 

nuclease domain that sequentially cleaves the strands of the target nucleic acid and, 

unlike Cas9, generate sticky ends. (21, 22, 117). This makes Cas12 particularly useful 278 

for precise in vitro DNA assembly. Several Cas12 enzyme variants also contain a 

subdomain involved in pre-crRNA processing, while others encode a tracrRNA that, along 280 

with RNase III, processes the pre-crRNA (21, 118). Recent computational analysis has 

indicated that type V CRISPR interference effectors evolved from transposon-encoded 282 

TnpB nucleases on multiple, independent occasions, resulting in a large pool of type V 

variants (118, 119). As of 2020, these variants are grouped into 12 subtypes which are 284 

highly diverse with respect to the size and architecture of the interference effector proteins 

as well as molecular mechanisms (120) (Table1). 286 

The corresponding Type V CRISPR proteins can be categorized based on their 

properties and functions. Cas12a, previously known as Cpf1, has dual-nuclease activity 288 

involved in both crRNA biogenesis and target DNA interference (21). Upon recognition of 

the 5′-TTV-3′ PAM and a 18-23nt seed region complementary to the crRNA sequence, 290 

Cas12a induces a staggered double-strand break in the target DNA (22). An intriguing 

feature of Cas12a is its collateral cleavage activity; after target binding and cleavage, 292 

Cas12a turns into an active nuclease that continues to nonspecifically cleave DNA 
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sequences (121). Although Cas12a was the first discovered and extensively studied type 294 

V interference effector, other Cas12 variants offer unique properties better suited for 

developing them as molecular tools. Cas12b, formerly known as C2c1, requires a 296 

tracrRNA, is smaller than Cas12a, and tolerates fewer mismatches (76). Cas12e, also 

known as CasX, is substantially smaller than Cas12a and exhibits minimal trans-cleavage 298 

activity (80). Cas12f and Cas12j, or Cas14 and CasΦ, respectively, are the smallest of 

the type V interference effectors, having only ~500-700aa (81, 82, 86, 87). Recently, 300 

Casμ, another miniature Cas12f interference effector (<490aa), was discovered to have 

broader PAM preference (83). Cas12g is the only type V RNA-guided ribonuclease that 302 

targets a single-stranded RNA substrate (84). Several Cas12 variants are also notable 

for their distinct compatible PAM sequences. Cas12l, or Casπ, in contrast to the rest of 304 

the subtypes, exclusively recognizes C-rich PAMs (5'-CCY-3′) (89, 90). Cas12n 

recognizes A-rich PAMs (5'-AAN-3′), and consists of only 506aa (91).  306 

Apart from nuclease activity, some Cas12 proteins retain DNA-targeting efficiency 

but exhibit different biological functions. Cas12c and the recently discovered Cas12m 308 

function through binding but not cleavage of the dsDNA target, silencing transcription or 

replication (77, 78). Cas12k encompasses an inactivated RuvC-like domain also lacking 310 

DNAse activity, and associates with a Tn7-like transposase subunits to mediate RNA-

guided transposition (76). Even more type V interference effectors are actively being 312 

discovered across metagenome-assembled genomes and viruses (122). As with Cas9, 

there have been many efforts to engineer Cas12 variants in order to improve cleavage 314 

accuracy (123), abolished trans-activity (124), increase PAM-flexibility (74, 75, 125), and 

thermostable mutants for biosensing applications (126). 316 
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Type VI: targeting RNA with Cas13 

Type VI Cas13 is the most well-studied CRISPR system for directly targeting and 318 

manipulating RNA (127). Cas13 is further divided into four subtypes; A (previously known 

as C2c2), B, C, and D (Table 1). Cas13 systems typically contain two higher eukaryote 320 

and prokaryote nucleotide‑binding (HEPN) RNase domains. The HEPN domains are able 

to cleave RNA upon activation through the crRNA base pairing with a matching target 322 

RNA (128). Upon activation, Cas13 exhibits collateral activity, similar to Cas12a, which 

non-specifically cleaves RNAs after cleaving its target. The collateral RNA cleavage 324 

activity was proved to prevent bacteriophage infection by shifting the cells into dormant 

stage (129). Through the HEPN domains, Cas13 is also able to process its own crRNA 326 

arrays into mature crRNAs of roughly 60 nt in length (130–132). Natural crRNA spacer 

length has been reported to vary between 14 and 30 nucleotides (92, 133). Instead of 328 

PAM, most Cas13 have a protospacer flanking sequence (PFS) preference which is 

usually less restrictive compared to the PAM requirements of DNA-targeting Cas proteins 330 

(92, 131). Although Cas13a and Cas13b were among the first discovered (127), recent 

research has shifted attention to Cas13d, which exhibited improved efficacy for RNA 332 

silencing and knockdowns (133, 134). Several Cas13 proteins have also been 

repurposed for various applications beyond RNA cleavage including in vitro RNA 334 

detection assays (135), RNA editing of mammalian cells and bacteriophage genomes 

(136–140), and RNA interference (133, 134).  336 

The flexibility in nucleic acid recognition capabilities provided by the different Cas9, 

Cas12, and Cas13 variants has already fueled many applications in prokaryotic systems, 338 

from editing and regulating genes to biosensing nucleic acids and small molecules (39, 
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141). Nevertheless, the full repertoire of Cas variants developed for eukaryotic 340 

applications is yet to be characterized and exploited across different bacteria. Given that 

genomic GC content varies greatly from 13% to 75% between prokaryotic species (142), 342 

the diverse catalog of Cas variants will provide suitable options for implementing CRISPR 

systems in any microbe with specific traits for each application, including bioproduction, 344 

biotherapeutics, and bioremediation.  

  346 
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Expanding CRISPR functionality with tethered effectors 

Abolishing Cas nuclease activity generates nickase or catalytically-dead Cas 348 

proteins (nCas or dCas, respectively), opening a new paradigm of CRISPR tools for 

sequence-specific nucleic acid modifications and gene expression regulation. Point 350 

mutations in one of the Cas nuclease domains generates a ‘nicking’ variant that only 

cleaves one strand of DNA, while mutations in both domains form a 'catalytically-dead' 352 

variant with no cleavage activity. In prokaryotes, dCas9 was rapidly repurposed for 

programmable transcriptional repression by physically blocking the transcription initiation 354 

or elongation processes. Tethering effector domains to the CRISPR complex enabled 

sequence-specific localization of effectors to a DNA or RNA of interest, for applications 356 

such as transcriptional activation and base editing (6). Effector tethering has been 

achieved through covalent fusion to the Cas protein, protein-protein interactions (PPI), or 358 

recruitment of effectors fused to RNA binding proteins (RBP) that interact non-covalently 

with modified guide RNAs (scaffold RNA, scRNA). Importantly, orthogonal effector 360 

recruitment can be programmed with multiple PPI systems or RBP-RNA hairpin pairs 

(Figure 2). In contrast to eukaryotes, where CRISPR transcriptional activation (CRISPRa) 362 

can readily be achieved with a universal transcriptional activator (143, 144), CRISPRa 

across prokaryotes remains challenging due to the distinct transcriptional regulation 364 

mechanisms present in different bacteria. Here we focus on the development of 

transcriptional activators for prokaryotic CRISPRa as well as recent advancements in 366 

tethering effectors for CRISPR gene editing. 
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Effectors for CRISPR-based gene regulation 368 

Bikard et al. showed that transcriptional activation could be achieved through 

recruitment of accessory proteins in prokaryotes similarly to previous works in eukaryotes. 370 

They developed a CRISPRa system in E. coli by fusing a RNA polymerase (RNAP) 

omega subunit (RpoZ) to dCas9 (145). One limitation of this system was the need to 372 

delete the endogenous rpoZ gene. Later work from our group found that bacterial 

CRISPRa could also function through a bacterial transcription factor, SoxS, using RBP-374 

based recruitment (146). Notably, SoxS-based CRISPRa does not require modification 

of the genomic background, which streamlines the portability to other bacterial systems. 376 

Another approach by Liu et al. achieved CRISPRa through the RBP recruitment of the 

transcriptional activator PspF (147). Interestingly, we found that PspF and SoxS could be 378 

implemented simultaneously through orthogonal RNA hairpin-RBP pairs —MS2/MCP for 

SoxS and BoxB/λN22 for PspF— and also work complementary to each other. SoxS can 380 

activate a broad range of σ70 superfamily promoters but is ineffective toward σ54-family 

promoters (25). On the other hand, PspF system works specifically on the σ54-family 382 

promoters due to its unique ATP-dependent activation mechanism but cannot activate 

σ70 family promoters (147). In both cases, strategies to abolish the DNA-binding of 384 

transcriptional effectors proved to be crucial since CRISPRa DNA targeting should be 

governed by dCas9 rather than the transcriptional effectors. In PspF-based CRISPRa, 386 

this was achieved by truncating the helix-turn-helix (HTH) DNA-recognition motif of PspF 

(147). In SoxS-based CRISPRa, we reduced the DNA-binding capacity of heterologous 388 

SoxS through multiple mutations, leading to key improvement in CRISPRa performance 

(25).  390 
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Through characterization of different CRISPRa elements and target genes, we 

have found that CRISPRa performance relies on i) composition of the target promoter, 392 

and ii) position of target sequence relative to the transcription start site (Figure 3A) (25, 

48). These design factors remain consistent across multiple transcriptional activation 394 

systems (25, 147). For instance, the dynamic range of CRISPR-based gene 

overexpression is dependent on DNA helical phases. Shifting the target site 1-3 bp away 396 

from the optimal position leads to a sharp drop in fold-activation (Figure 3B). However, 

the fold-activation was recovered to a similar level if further shifted to 10-11 bp, 398 

resembling that of a full turn of DNA helix. We also found that these two systems exhibited 

consistent design rules in both E. coli and P. putida. 400 
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Figure 3: Prokaryotic CRISPRa Sequence and Distance Requirements 402 

 

Figure 3: Schematic of a prokaryotic promoter showing stringent requirements for 404 

bacterial CRISPRa. RNAP affinity for the minimal promoter and UP-element determines 

basal expression levels. When CRISPRa is targeted to a promoter with a correct PAM 406 

and complementary scRNA target site, RNAP is recruited by the transcriptional activator. 

A) Promoter composition determines RNAP-promoter and CRISPRa-promoter 408 

interactions and hence affects CRISPRa-mediated expression levels. B) CRISPRa-

mediated expression is highly dependent on the distance of CRISPRa with respect to the 410 

transcription start site (TSS), and exhibits a periodic dependence with peak activities 

every 10–11 bases, corresponding to a single turn of DNA helix. 412 

 

  414 



36 

 

Since most bacterial CRISPRa systems are effective in a narrow range of target 

positions, there have been several attempts to develop CRISPRa systems active at 416 

alternative positions (Table 2A). Directed evolution of AsiA, an anti-sigma70 protein from 

T4 bacteriophage, covalently fused to dCas9 provides long distance CRISPRa beyond 418 

previously reported systems (148). Notably, this system was tested in a library of minimal 

promoters from a metagenomic dataset and found that 248 out of ~8,000 promoters could 420 

be upregulated from a long-range CRISPRa. Another strategy to overcome the stringent 

CRISPRa distance requirements has been to use circular permuted dCas9 (cpdCas9) 422 

variants to change the positioning of the tethered effector (149). They achieved increased 

targeting flexibility by screening a library of cpdCas9s that recruited the N-terminal domain 424 

of RpoA (αNTD) of 8 different bacterial species through heterospecific coiled-coiled 

peptides (SYNZIPs) recruitment (149, 150). 426 

Even though most of the CRISPRa systems in bacteria rely on dCas9 to recruit 

effector proteins, other Cas systems could also be implemented in a similar manner. 428 

Direct fusion of RpoZ or SoxS effectors to dCas12a were implemented for CRISPR 

activation in P. polymyxa and C. glutamicum, respectively (151, 152). Type I-E Cascade-430 

mediated bacterial CRISPRa is also recently demonstrated in a CRISPR-free E. coli using 

ɑNTD as an effector (153) (Table 2A). It should be noted that CRISPRa could be improved 432 

from engineering efforts on other parts beyond the effector domain and could also be 

developed in parallel from effector-specific optimization, e.g. dCas9 engineering for PAM-434 

flexibility and reporter engineering to improve dynamic range (48, 104). 

  436 
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Table 2A: Effectors for prokaryotic CRISPRa, their mechanisms, and design rules. 

CRISPRa 
systems 

Mechanism Optimal 
sites a 

Stran
d  

Organisms Refs. 

Effectors tethered directly to dCas 

dCas9-RpoZ RNAP 
assembly 

-60 to -100 NT E. coli, 

B. subtilis, 

L. 
enzymogenes,  

M. xanthus 

(145, 
154–156) 

dCas9-RpoA RNAP 
assembly 

-267 to -
415 

T B. subtilis (154) 

dCas9-
SYNZIP-αNTD 

RNAP 
assembly 

-60 to -100 NT E. coli (149, 
150) 

dCas9-RpoD RNAP 
assembly 

-199 to -
216 

NT S. oneidensis (157) 

dCas9-AsiA b RpoD and 
RpoB binding 

-182 to -
252 

T E. coli, 

S. enterica, 

K. oxytoca 

(148) 

dCas12a-SoxS RpoA and 
RpoD binding  

-50 to -150 T P. polymyxa (152) 

dCas12a-RpoZ RNAP 
assembly 

-183 to -
328 

T C. glutamicum (151) 

dCas12a- Unknown -90 NT B. subtilis (158) 
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RemA 

Cascade-αNTD RNAP 
assembly 

-100 to -
120 

T E. coli (153) 

dCas13d-IF Ribosome 
recruitment 

5’-UTR - E. coli (159) 

Effectors tethered via guide RNA hairpin 

SoxS b (MCP 
or PCP or MCP 
+ SYNZIP) 

RpoA and 
RpoD binding  

-60 to -100 NT E. coli, P. putida, 
Cell-Free 
System, 
Hydrogel 

(25, 45, 
48, 146, 

160, 161) 

TetD (MCP) RpoA and 
RpoD binding  

-60 to -100 NT E. coli (25, 146) 

RpoZ (MCP) RNAP 
assembly 

-91 NT E. coli (25, 146) 

αNTD (MCP) RNAP 
assembly 

-60 to -100 T E. coli (25, 146) 

PspF b (λN22 
or MCP) 

RpoN 
recruitment c 

-91 to -
131d 

NT E. coli,  
K. oxytoca, Cell-
Free System 

(147, 
162) 

Notes: aRelative to transcription start site (TSS), bEngineered proteins, cRpoN promoter 438 

is distinct to other bacterial promoters of RpoD-promoter superfamily, dDNA looping is 

present in the promoter 440 

Effectors for CRISPR-based gene editing 

In comparison to traditional CRISPR editing technologies that induce DSB breaks, 442 

base editors (BEs) with tethered deaminases only nick one strand of DNA. In bacteria, 

given the species-dependent variations in editing efficiency (163) and the lethality of 444 
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generating DSB in unintended targets (164, 165), BE is often favored over traditional 

editing through native Cas cleavage and DNA repair mechanisms (8, 9). Current 446 

prokaryotic BEs rely on direct tethering of the deaminase to inactivated Cas9 proteins, 

dCas9 or nCas9, but editing with other Cas variants such as dCas12a has also been 448 

demonstrated (Table 2B). After Cas recruitment to the DNA, the deaminase recognizes 

and edits the target ssDNA in the R-loop structure formed between the gRNA and the 450 

target DNA. Each BE system targets a characteristic proximal stretch of ssDNA, or editing 

window, based on the deaminase and tethering approach (Base editor effectors table). 452 

Adenosine base editors (ABE) generate A>G through A-to-I deamination, while cytidine 

base editors (CBEs) generate C>T substitutions through C-to-U deamination and 454 

subsequent DNA replication (Table 2B). Most CBE systems also tether a uracil 

glycosylase inhibitor (UGI) to prevent base excision repair and reversal of the point 456 

mutation (166). Notably, CBEs are more widely used in industrial settings than ABEs, 

likely due to the higher editing efficiency of CBEs and high GC content of bacterial 458 

genomes (167). Moreover, developing RBP-tethered BEs could allow for simultaneous 

regulation of multiple genes and even opportunities for multiplexed applications with other 460 

effector proteins (168). For advanced applications, the potential for multiplexing BE has 

been shown in multiple non-model organisms (11, 169–172). 462 

 

  464 
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Table 2B: Effectors for CRISPR-based gene editing and their editing window. 

Editing 

system 
 Effector  Cas protein  Organisms Editing window  Refs. 

CBE 

rAPOBEC1 

Cas9n 

E. coli,  

B. melitensis 

4 to 8 (173) 

Cas9n C. glutamicum 4 to 7 (170) 

Cas9n S. typhimurium 5 to 10 (35) 

enCas9 P. putida 3 to 8 (174) 

dCas9 B. subtilis 17 to 20 (171) 

dCas12a E. coli 

8 to 13, 

10 to 12 

(175) 

Cas12m/dCas12

m 
E. coli 

2 to 5, 

13 to 19 

(78) 

PmCDA1 

dCas9 E. coli 1 to 5 (169) 

dCas9 B. subtilis 1 to 5 (172) 

dCas9 
Streptomyces 

1 to 5 (176) 
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spp. 

dCas9 P. polymyxa 17 to 20 (171) 

dCas9 
Agrobacterium 

spp. 
16 to 20 (177) 

ABE TadA 

dCas9/nCas9 E. coli 4 to 8 (178) 

Cas9n S. aureus 4 to 8 (179) 

dxCas9/nxCas9 

P. putida, 

Pseudomonas 

spp. 

4 to 8 (180) 

EvolvR Poll3M 
nCas9 E. coli ~60 (181) 

PE M-MLV2 nCas9 E. coli - (182) 

 466 

 

  468 
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In addition to deaminases, other effectors have been tethered to expand the 

CRISPR editing capabilities beyond single-nucleotide substitutions. CRISPR-EvolvR 470 

uses an error-prone, nick-translating DNA polymerase (Poll3M) fused to nCas9 to 

continuously diversify nucleotides within short DNA regions (60 nt) (181). CRISPR prime 472 

editing (PE) uses a reverse transcriptase (M-MLV2) fused to nCas9 to introduce 

deletions, substitutions, and insertions encoded in the 3′-extension of the gRNA (182). 474 

Recently, serine integrases have been added to CRISPR-PE for targeted genomic 

recruitment and integration of desired payloads in eukaryotes (183). However, the low 476 

editing efficiency limits the application of these tools: 40%, 20%, 10% for PE-based 

plasmid deletions, substitutions, and insertions, respectively, and half of that for genomic 478 

edits. Editing efficiency is even lower (<2%) when combining modalities or multiplexing 

two gRNAs.  480 

A major bottleneck for base and prime editing is that gRNA spacer design is more 

challenging than traditional spacer design as it must also factor the constraints imposed 482 

by the editing effector (167). Spacers designed for BE must factor in deaminase type, 

editing window, target nucleotide position, and desired translation product. For PE, the 3’ 484 

gRNA extension must be carefully designed in order to enable reverse transcription 

without affecting DNA targeting. Hence, traditional gRNA spacer design tools often cannot 486 

be directly translated into designing spacers for base editing. While a few tools exist to 

support BE- and PE-gRNA design in eukaryotes (184–187), their development in bacterial 488 

systems is fairly limited. Blin and colleagues published CRISPy-web 2.0 for designing BE-

gRNAs in non-model organisms such as Streptomycetes (188), but has yet to be 490 

implemented for other bacteria. 
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Even when gRNAs can be successfully designed, editing applications are still 492 

limited by the toxic effects of different combinations of effectors and Cas proteins (169, 

189). For example in E. coli, nCas9-PmCDA1 has shown poor transformation efficiency, 494 

while dCas9-PmCDA1-UGI-LVA (LVA, degradation tag) demonstrated an improved 

transformation efficiency and BE editing efficiency (169). Hence, most studies require 496 

tedious screening combinations of Cas9 variants, deaminases, and expression cassettes 

to find a balance between efficiency and toxicity (171, 174, 190). To streamline this 498 

process, Shelake and colleagues developed a framework for high-throughput editing 

efficiency screening in E. coli, but only characterized editing efficiencies across a small 500 

set of sgRNA targets for GFP reporters (189). Moreover, sequencing-based BE efficiency 

analysis is currently expensive and time-consuming (191), and in vivo, real-time 502 

assessment of editing efficiency is only available in mammalian cells (192). Adaptation of 

these tools for bacterial systems would enable rapid comparison of Cas9 nucleases and 504 

deaminases across diverse genetic backgrounds, elucidating the design rules for 

predictable implementation. 506 

Tethering different effector domains to different Cas proteins has enabled a wide 

range of functions beyond nucleic acid cleavage. These CRISPR gene regulation and 508 

base editing tools have already been implemented individually across different microbes 

(27, 193–195). Moving forward, simultaneous integration of multiple CRISPR tools in the 510 

diverse prokaryotic hosts should be within reach (26). Discovery and engineering of 

orthogonal hairpins-RBP pairs will enable the multiplexed recruitment of different effectors 512 

to specific sites. Moreover, multi-Cas systems for combined DNA and RNA targeting 

could be achieved with a better understanding of which Cas variants are better suited for 514 
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each host as well as expression mechanisms to minimize burden effects (196, 197). 

Taken together, these advancements will fuel the next generation of prokaryotic CRISPR 516 

tools capable of concerted editing and regulation (198). 

Tuning CRISPR function through gRNA engineering 518 

RNA-guided Cas proteins make engineering prokaryotic systems more 

straightforward than previously possible because gRNAs are genetically compact, 520 

metabolically inexpensive, and relatively simple to design (199). CRISPR functions can 

be tuned not only through Cas and effector protein engineering but through gRNA design 522 

as well. gRNAs can be engineered through chemical functionalization, sequence 

modifications, and fusion of other RNA scaffolds. Here we pay special attention to 524 

approaches that rely on engineering intrinsic gRNA properties as they are more relevant 

for prokaryotic applications in which the gRNA(s) are transcribed. 526 

gRNA design strategies 

Several gRNA design strategies have been proposed to tune CRISPR activity, 528 

mainly through spacer mismatches, truncations, and extensions (26, 200–202) (Figure 

2). Mismatches in the Cas9 spacer region have been used to achieve graded levels of 530 

gRNA activity (203–205). Generally, mismatches at the PAM-distal end of the spacer are 

better tolerated than mismatches at the PAM-proximal, or seed region, of the spacer. 532 

Mismatches within the seed region exacerbate R-loop destabilization, whereas PAM-

distal mismatches reduce the lifetime of CRISPR-DNA complex (206). Although 534 

mismatches in the non-seed region can be used to tune gRNA activity, it comes at the 

cost of gRNA specificity as off-target activity at complementary sites is increased (202). 536 
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Truncating the gRNA spacer from the PAM-distal region up to the seed region has 

also been shown to reduce the level of gRNA activity. A possible concern when using 538 

truncated gRNAs is an increase in off-target activity due to lower target complementary 

constraints. However, in a test set of orthogonal, synthetic, CRISPR-activatable 540 

promoters, we found that truncated (11-20 bp) scRNAs did not induce higher expression 

in their non-cognate, unactivated promoters, suggesting that truncated scRNAs do not 542 

generate non-specific activation of heterologous fluorescent proteins (in preparation). 

Moreover, evidence from eukaryotic gene editing experiments with truncated gRNAs 544 

points to the reduced binding energy as a leading factor in increased sensitivity to 

mismatches (207). These observations have been rationalized in terms of an “excess 546 

energy” model, postulating that decreases in binding energy beyond a certain threshold 

destabilizes binding to both correct and incorrect targets (109, 207–209). In a similar 548 

fashion, introducing a proper 5' extension that folds back to cover the spacer region has 

been shown to increase gRNA specificity as the designed hairpin becomes more stable 550 

(210). However, long 5’ extension gRNA spacers could also lead to decreased activity 

(210, 211). 552 

5’ and 3’ gRNA extensions have been implemented to exert conditional control 

over CRISPR activity (Figure 2). The general mechanism involves triggering occlusion or 554 

reveal of the gRNA spacer or handle in response to a nucleic acid or small molecule. 

Several gRNA with 5’ toeholds have demonstrated the ability to respond to single DNA 556 

or RNA trigger strands (212–214). Aptazymes, or ligand-responsive self-cleaving 

ribozymes, have been used to cleave a repressive 5′ extension from the gRNA upon the 558 

addition of the target ligand (215). Aptamers have also been added into the handle or 



46 

 

hairpins to stabilize the gRNA in response to a specific ligand (216). While 3’ end 560 

aptamers have been demonstrated in sgRNAs (217), 3’ extensions could be challenging 

in a scRNA due to the presence of the effector-recruiting hairpin. Finally, even though 562 

most gRNA engineering efforts have been on Cas9 gRNAs, some of the principles should 

be extendible to gRNAs for Cas12 and Cas13 (210, 218–220). 564 

Computational design of gRNAs 

Designing gRNAs to target arbitrary DNA or RNA sites requires simply designing 566 

the complementary RNA sequence into the spacer. However, accurately predicting gRNA 

performance in terms of activity and specificity is still challenging (221). One reason is 568 

that gRNA activity is highly influenced by target sequence context, both with respect to 

the sequence surrounding the PAM site and the local target site structure (222). CRISPR 570 

complex binding and activity at endogenous target sites can be hindered by other DNA-

binding effectors regulating processes such as chromatin accessibility, DNA methylation, 572 

and transcriptional regulation (26, 223, 224). Even the inherent resilience of endogenous 

gene regulatory networks containing feedback or feedforward loops can limit the degree 574 

of CRISPR activity. Machine learning models trained on large gene editing or CRISPRi 

datasets in eukaryotes have successfully been used to extract gRNA design rules (225, 576 

226). However, the applicability of these models for prokaryotic gRNAs has been shown 

to be rather limited since many of these endogenous target contexts and processes differ 578 

greatly across the two domains of life. 

gRNA activity is also influenced by the secondary structure that the gRNA adopts. 580 

The degree of secondary structure in particular, whether internal to the spacer or between 
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the spacer and the rest of the guide, has been observed to be a key determinant of gRNA 582 

activity (Figure 2). While some models do account for the energetics of nucleic acid 

interactions, these have primarily focused on the thermodynamics of spacer-DNA target 584 

interactions, ignoring other aspects of guide RNA folding. Ensuring correct gRNA folding 

is crucial when designing gRNAs with modifications such as extra hairpins or aptamers. 586 

To this end, computational RNA folding packages such as ViennaRNA have been used 

in conjunction with deep learning models to predict on- and off-target activities for 588 

bacterial sgRNAs based on RNA folding parameters, melting temperatures, and potential 

off-target scores (227). 590 

Only until very recently have computational models started to combine all these 

effects to more accurately predict gRNA performance in prokaryotic systems (228). 592 

Developing models that incorporate biophysical aspects of gRNA folding and target 

sequence context with heuristics from large-scale functional screening is expected to 594 

further advance our gRNA design capabilities. Importantly, these models should 

recapitulate the gRNA performance effects associated with modifications such as spacer 596 

truncations and aptamer extensions. Such an advance, if it can minimize or eliminate the 

current need for experimental verification of new gRNAs, would accelerate the design of 598 

CRISPR tools for editing or regulating specific genes to precise levels.  

 600 

 

 602 
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Building CRISPR-based genetic circuits 604 

Genetic circuits enable natural biological systems to respond to different input 

stimuli with complex, time-dependent behaviors by regulating the expression of multiple 606 

genes. Harnessing these capabilities is fundamental for engineered systems that need to 

monitor, compute, and respond to internal or external environment changes as 608 

demonstrated by the hallmark designs of genetic circuitry (229, 230). However, there are 

limited examples of engineered genetic circuits capable of multiplexing stimuli and 610 

regulating multiple genes. This paucity can be attributed to the limited number of suitable 

components for implementing scalable circuitry (1, 231–233), and to the difficulty of 612 

sequentially combining components into larger, high-level circuits (234–237). Due to the 

ease of designing and tuning new components that can be interconnected, CRISPR-614 

based tools have rapidly become a suitable framework for building complex genetic 

circuits. In this section, we focus on how CRISPR tools have been assembled into genetic 616 

circuits in bacteria and cell-free expression systems. 

CRISPR circuits consist of a series of CRISPR nodes, which are discrete 618 

transcriptional or translational units containing target sequences for CRISPRa or 

CRISPRi (Figure 4A), that are interconnected through gRNAs. Circuit topology is 620 

therefore specified by the set of connected nodes and gRNAs and can encode logic gates 

and network motifs, such as incoherent feedforward loops (Figure 4B), to perform precise 622 

functions. Importantly, more complex functions can be achieved by combining several 

network motifs into a larger circuit.  624 
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CRISPR logic gates and small network motifs 

 The first examples of prokaryotic CRISPR circuits relied on transcriptional 626 

repression to create logic gates capable of Boolean operations (NOT, AND, OR, NAND, 

NOR, etc.) (238). Transcriptional inverters, or NOT gates, have been designed by 628 

conditionally expressing sgRNAs from inducible promoters, such that the presence of the 

inducer leads to repression of a target gene through CRISPRi. Construction of NOR gates 630 

has been achieved by combining two NOT gates responsive to different inputs. Moreover, 

more complex network motifs such as toggle switches that can serve as memory units 632 

and incoherent feedforward loops for programming spatio-temporal patterns have been 

constructed by interconnecting multiple sgRNAs. Notable examples are a recently 634 

developed CRISPRi-based synthetic oscillator, termed CRISPRlator (239) and a 

CRISPRi-based synthetic inverter for antibiotic-free selection plasmid maintenance (240).  636 

Although theoretically any computational operation could be achieved if enough 

transcriptional repression nodes are interconnected, in practice it is advantageous to 638 

combine repression and activation to cover a higher portion of the circuit design space 

with fewer components (45). The discovery of new transcriptional activators and promoter 640 

design rules for effective activation in bacteria has enabled CRISPRa-based circuits 

(Figure 3) (25, 48). With CRISPRa, construction of AND gates is straightforward through 642 

conditional expression of a scRNA and activator, a crRNA and tracrRNA, a toehold-gated 

gRNA and a trigger; conditional folding of the scRNA; or conditional recruitment of the 644 

activator through ligand-induced heterodimerization domains (48, 146, 162) (Figure 4D). 

OR gates can also be readily assembled by targeting two scRNAs to the same node. 646 

Moreover, nodes can be assembled in multi-layer activation cascades to control the 
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timing and expression of multiple genes. Importantly, circuits combining both CRISPRa 648 

and CRISPRi can be constructed through the regulated expression of sg/scRNAs. 

Implementation of simultaneous CRISPRa and CRISPRi has been demonstrated on both 650 

multiple and individual genes (146, 158, 160) , and in multi-layer circuits including 

activation-repression cascades and incoherent feedforward loops (45)(Figure 4E). 652 
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Figure 4: Building CRISPRa/i Circuits for Boolean Logic and Dynamic Control 
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Figure 4: A) Schematic of a CRISPRa/i node, consisting of a transcriptional unit with 654 

target site for CRISPR activation and inhibition. B) CRISPR circuits can be assembled by 

interconnecting CRISPRa/i nodes expressing gRNAs. C) Successful circuit function 656 

requires level-matching the output dynamic range of an upstream node with the input 

dynamic range of a downstream node. On the left and middle panels, dose-response 658 

characterization of CRISPRa and CRISPRi, respectively, with overlays of input and output 

dynamic range (DR). On the right panel, functional characterization of CRISPRi and an 660 

activation-repression cascade when the dynamic ranges are matching or mismatched. D) 

Schematics of different techniques for incorporating Boolean logic into CRISPR circuits 662 

via gRNA programming. E) Dynamic gene expression profiles resulting from different 

CRISPRa/i circuits. The composability of CRISPR circuits enables building larger circuits 664 

from small motifs. F) Large CRISPR circuits can be achieved by assembling small gRNA 

cassettes into multi-guide arrays. 666 
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Prospects and challenges of building larger CRISPR circuits 668 

Theoretical and experimental analyses indicate that the CRISPRa/i system is well 

suited to design complex genetic circuits with many internal nodes (45, 241). Crucial to 670 

this task is the ability to level-match the input/output dynamic ranges between sequential 

nodes. That is, the output transcription levels of upstream nodes encoding gRNAs must 672 

be matched to the relevant transcriptional input range of downstream nodes (FIgure 4C). 

Proper level-matching, and therefore circuit function, can be ensured by tuning gRNA 674 

expression through promoter engineering, or gRNA activity through gRNA design.  

Several factors must be taken into account when assembling multi-gRNA circuits 676 

for CFES or bacteria. In cell-free systems, multiple gRNA can be readily expressed from 

individual plasmids or linear fragments (45, 242). In living cells, however, the 678 

repetitiveness of multiple gRNA parts could be difficult to chemically synthesize and prone 

to recombination (53). Expression of gRNA arrays from a single transcriptional unit is 680 

possible when using self-processing Cas such as Cas12a and Cas13 or incorporation of 

gRNA processing proteins (Csy4) (130, 243, 244). However, the order of gRNAs in the 682 

array also affects their activities, likely due to early termination in gRNA biogenesis (245). 

Additionally, incorporation of orthogonal CRISPRa/i targets in the gRNA expression 684 

cassette is required for gRNAs to regulate the expression of one another (48). Hence, 

expressing one gRNA per transcriptional unit is more appropriate for programmable 686 

gRNA circuits. Several studies have demonstrated the construction of large gRNA circuits 

using non-redundant parts of promoters, terminators, and gRNA scaffold (115, 246). As 688 

the number of regulatory nodes increases, tools to design high-performing, orthogonal 

promoters and gRNAs will become increasingly important. With a recent workflow for 690 
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promoter and gRNA design, circuits with up to three and six layers of activation have been 

achieved in E. coli and E. coli-based cell-free lysates, respectively (48) (Figure 4F).  692 

  Given that natural CRISPR immunity systems contain ~50 spacers, and some use 

multiple Cas proteins, more complex CRISPR circuits should be within reach (247). 694 

Currently, the main challenge in implementing larger CRISPR circuits is the retroactivity 

effects observed when expressing multiple gRNAs due to competition for the same pool 696 

of Cas proteins (241). For wide circuits regulating many genes in parallel, these effects 

have been minimized by tuning dCas9 expression levels through feedback control and 698 

RBS engineering, enabling simultaneous repression of up to 13 genes (248). For deep 

circuits with many internal layers, upstream gRNAs have been shown to outcompete 700 

downstream gRNAs for dCas9 binding, mainly due to timing of expression. For these 

circuits, strategies to dynamically regulate upstream gRNA expression, such as reversing 702 

CRISPRa complex binding or implementing negative autoregulation motifs, may be 

necessary. Moreover, we foresee that incorporation of orthogonal CRISPR systems, such 704 

as alternative dCas9 variants or even dCas12a and dCas13 systems, could provide 

additional nodes and layers for CRISPR-based biocomputing. 706 
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Forefront applications of CRISPR-based tools 708 

Engineering CRISPR systems for Biosensing 

Coupling molecular recognition to the diverse biochemical functions of the CRISPR 710 

toolbox has enabled new avenues for biosensing across various biochemical systems, 

including cell-free systems and bacterial hosts (Figure 5, top). In cell-free systems, the 712 

native nucleic acid recognition and cleavage activity of Cas enzymes has fueled in vitro 

detection of diverse biomarkers, from nucleic acids to small molecules (39, 40). Addition 714 

of gene expression capabilities to cell-free systems (41–43), has enabled more 

sophisticated biosensors. In bacteria, CRISPR-based biosensors are being used to 716 

record transcriptome changes and screen bioproducing strains. In this section, we 

recapitulate how different CRISPR systems have been engineered to detect nucleic 718 

acids, small molecules, and other environmental cues. 

Nucleic acids detection 720 

Nucleic acid detection is a critical tool in many biotechnology applications, from 

infectious diseases diagnosis to transcriptomic monitoring. The different Cas9, Cas12, 722 

and Cas13 systems have all been rapidly adapted for the specific, sensitive, and portable 

sensing of nucleic acids (39). One approach involves detecting a specific DNA/RNA 724 

sequence in vitro through gRNA complementarity which trigger cleavage of the 

surrounding quenched probes through collateral activity (mainly Cas12a and Cas13a) to 726 

produce a fluorescent readout (135, 249–251) (Figure 5A). When paired with target 

amplification processes, such as isothermal recombinase-polymerase amplification 728 

(RPA) or loop-mediated isothermal amplification (LAMP), the detection limit of the desired 

DNA/RNA can be as low as 10 aM (attomolar) and thus useful for SARS-CoV-2 detection 730 
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(249, 252–255). This detection approach has also been paired with cell-free expression 

systems harboring different enzyme-based reporters for higher amplification-free signal, 732 

and even packaged into a cell-free wearable biosensor (256, 257). For a more in depth 

review of CRISPR systems for in vitro nucleic acid detection assays, we point the reader 734 

to this recent Annual Review (40). 

In a similar fashion, engineered Cas genes and gRNAs targeting antibiotic 736 

resistance or essential genes can be packaged into bacteriophages or nanoparticles to 

detect and lyse specific bacteria (258, 259). Cas9 has successfully been used to kill 738 

virulent S. aureus, E. coli, and E. faecalis (260–263). Similarly, Cas13 has also been used 

to detect and control bacteria populations or repurposed to engineer bacteriophage 740 

genome (36). Notably, the efficacy of this approach at mitigating infection has been shown 

to be equal to that of high dose antibiotics in in vivo models (261). Given the multiplexibility 742 

of CRISPR tools, these systems could readily be engineered for simultaneously targeting 

different species or multiple sequences in the same bacteria (264), or be interfaced with 744 

genetic circuits for logic control. 

Engineering tracrRNAs to hybridize with target RNAs as if they were crRNAs 746 

creates another approach for detecting nucleic acids (162, 265). This naturally-occurring 

process was rapidly repurposed for detecting viral RNA in vitro as well as endogenous 748 

mRNAs in different bacteria. Recently, this approach has been paired with base editing 

to develop a mRNA recording platform (35). This recording platform has successfully 750 

been used for recording infection-induced sRNAs in the intracellular pathogen Salmonella 

and for tracking the spread of antibiotic resistance mobile genetic elements in an E. coli 752 

population (35). This mRNA detection approach has also been paired with CRISPRa and 
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connected to a positive feedback loop for signal amplification (162). In a similar fashion, 754 

strand displacement of 5’ toeholds covering the gRNA spacer or handle have also been 

used to detect nucleic acids, from endogenous mRNA and sRNA to synthetic ssDNA that 756 

can be used for complex computation (212, 218, 219). 

Small molecules quantification 758 

 Detection of small molecules enables diverse applications, such as monitoring 

environmental contaminants in vitro and quantifying cellular metabolites in vivo. Several 760 

CRISPR-based small molecule detection systems rely on combining ligand-responsive 

DNA aptamers or transcription factors with the collateral cleavage activity of Cas12a. In 762 

these systems, the presence of the cognate ligand reveals the Cas12a DNA target site 

that was originally occluded either by the aptamer secondary structure or transcription 764 

factor binding (141, 266). Upon interacting with small molecules, the target DNA of 

Cas12a is exposed and subsequently initiates collateral cleavage of a fluorophore 766 

quencher-labeled ssDNA probe. In a similar fashion, ligand-responsive transcription 

factors have also been used to induce transcription of Cas12a crRNA arrays and Cas13a 768 

target transcripts, followed by trans-cleavage of quenched probes (267, 268). For a more 

in depth review of Cas12 and Cas13 systems for in vitro small molecule assays, we point 770 

the reader to these recent reviews (269, 270). 

Small molecules have also been detected through conditional recruitment of the 772 

effector to the CRISPR complex. Many ligand-induced heterodimerization domains have 

been used in eukaryotes for modulating CRISPRa activity by conditionally recruiting the 774 

activator (271). In prokaryotic systems, recent advancements in our understanding of 

CRISPRa target site requirements and improvements in the dynamic range of activatable 776 
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promoters have enabled conditional CRISPRa with abscisic acid (ABA)- and gibberellic 

acid (GA)-responsive heterodimerization domains (48). These domains were successfully 778 

used to build an AND-like logic gate and a CRISPRa cascade in a lysate-based CFES. 

Implementation of ligand-induced heterodimerization tools in bacteria should also be 780 

realizable depending on the effective ligand concentration in the cytosol. Interestingly, the 

ABA and GA inducible CRISPRa systems possessed similar design rules, suggesting that 782 

novel CRISPRa-based biosensors could be developed with other ligand-induced 

heterodimerization pairs. The repertoire of detectable small molecules could be further 784 

expanded through membrane-augmented CFES (272, 273) harboring TCS- and GPCR-

coupled CRISPRa/i (274). 786 

Aptamers can be incorporated into sgRNAs in order to stabilize or destabilize the 

sgRNA structure in response to ligands such as theophylline, 3-methylxanthine, and 788 

thiamine (215–217). The observed CRISPRi effect with these sgRNAs was concentration-

dependent and ligand-specific, allowing simultaneous repression of two heterologous 790 

genes in E. coli using different ligands. Similar approaches, especially 5’ extension and 

conditional Cas9 handle folding, can be used to generate ligand-responsive scRNAs for 792 

CRISPRa by incorporating existing or novel aptamers (Figure 5B). Combining our 

expertise in computational RNA design (275) and aptamer engineering (276), we 794 

successfully developed ligand-responsive scRNAs acting through a well-characterized 

theophylline aptamer and a novel human milk oligosaccharide (HMO) aptamer (in 796 

preparation). Since HMO was produced intracellularly by a CRISPR program, metabolite 

sensing could be coupled to the CRISPR circuit to dynamically regulate the metabolic 798 

pathway. Further improvement of computational design techniques capable of adhering 
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to sequence and structure constraints imposed by both aptamer and gRNA should 800 

accelerate construction of novel small molecule-responsive CRISPR circuitry.  

Environmental cue sensing 802 

For bioproduction, bioremediation, and biotherapeutic applications in which 

bacteria or CFES are deployed into changing environments, the ability to sense and 804 

respond to environmental cues is crucial for carrying out the desired function (277–279). 

The most general approach for responding to environmental cues relies on signal 806 

transduction modules, such as inducible promoters to conditionally express CRISPR 

components. In fact, in many bacterial genomes, CRISPR systems are already regulated 808 

by external stimuli like nutrient availability, stress factors, and quorum sensing (280–282). 

Successful implementation of engineered inducible systems requires precise tuning of 810 

the expression levels to minimize leaky expression while maintaining high enough 

inducible expression to carry out downstream functions (48, 283). In eukaryotes, many 812 

conditional CRISPR expression systems have been used to interface with endogenous 

and engineered regulatory networks and signaling pathways (284, 285). In bacteria, there 814 

are only a few examples of biosensing CRISPR circuits capable of responding to 

environmental stimuli, such as light and heat (286–289). Some notable environmental 816 

conditions capable of gene regulation in bacteria could also be coupled with CRISPR 

systems, including pH and oxygen levels (277, 290, 291) (Figure 5C). Recent 818 

advancements in inducible promoter engineering in bacteria and CFES should accelerate 

the design of other inducible systems with large output dynamic ranges that can be readily 820 

connected with downstream signal processing circuits (48, 292, 293).  
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As seen in this section, different CRISPR system components have been 822 

engineered to modulate CRISPR activity in response to diverse stimuli. Signal 

transduction modules based on gRNAs, through either aptamer fusions or expression 824 

from inducible promoters, are particularly interesting for more complex applications for 

two reasons. First, biosensing through gRNAs provides a streamlined and scalable 826 

framework for integrating multiple signals into one CRISPR circuit (48, 294, 295). And 

second, gRNA engineering approaches can be used to modulate the response level of 828 

each signal transduction module, potentially without engineering the module itself (45, 

48). For instance, the leak from an inducible promoter module can be decreased by 830 

truncating the gRNA being expressed without modifications at the earlier nodes, such as 

mutations of the transcription factor protein or altering its expression level. In this fashion, 832 

many orthogonal signal transduction modules could be designed to interface with 

downstream CRISPR circuits capable of signal modulation, pattern formation, and 834 

computation. This framework highlights how CRISPR-based biosensors can not only be 

used for sensing different molecules and producing measurable readouts, but can also 836 

be readily engineered to launch any type of CRISPR program. 

 838 
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Figure 5: Forefront Applications of CRISPR Tools 840 

 

Figure 5: A) CRISPR systems engineered for detecting nucleic acids in in vitro assays. 842 

The gRNA spacer is designed to be complementary to the nucleic acid sequence, and 

the trans-cleavage activity of Cas12 or Cas13 is used to cleave the surrounding quenched 844 

fluorescent probes, leading to rapid fluorescent readout. B) Example of a small molecule 

detection in vivo scheme in which a metabolite-responsive gRNA triggers CRISPRa of a 846 

fluorescent gene. C) Schematic of a cell-free system harboring CRISPR components 

expressed from inducible promoters. Multiplexed response to different environmental 848 
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cues triggers expression of a fluorescent gene through CRISPRa. D) CRISPR tools for 

accelerating heterologous gene assembly and integration; particularly useful for 850 

assembly of large or toxic payload and delivery into non-model microbes lacking genetic 

tools. E) Schematic of genome-wide CRISPR perturbations to alter prokaryotic 852 

metabolism. Coupling gRNA programmability and multiplexibility with high-throughput 

measurements and computational models could accelerate design-build-test-learn 854 

(DBTL) cycles. F) Examples of dynamic CRISPR programs enabling improved genetic 

and phenotypic stability, dynamic bioproduction, and smart therapeutics capable of 856 

sensing specific microenvironments and launching the appropriate therapeutic action.  
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CRISPR Engineering of Prokaryotic Systems for Bioproduction and 858 

Biotherapeutics  

CRISPR tools are accelerating the development of bacteria and cell-free 860 

expression systems (CFES) for bioproduction and biotherapeutic applications (29, 258, 

296–299) (Figure 5, bottom). Engineering microbial chassis for programmable 862 

bioproductions and biotherapeutics often involves assembling multiple heterologous 

genes, fine-tuning their expression levels, and perturbing the endogenous metabolic 864 

pathways (300, 301). CRISPR systems streamline the development of microbial chassis 

by providing versatile toolboxes for manipulating multiple genes simultaneously during 866 

DNA assembly and strain engineering (27, 193). When optimizing strains, genome-wide 

CRISPR perturbations have proven to be a powerful tool for mapping the genotype-868 

phenotype landscape, enabling discovery of new gene functions and selecting desirable 

bioproduction and biotherapeutic traits (198, 302). In lysate-based CFES, precise control 870 

over the enzymatic composition is usually required to maximize product yield (297). 

CRISPR tools can be used to alter lysate composition through strain engineering and to 872 

coordinate multi-enzyme programs through genetic circuits. Additionally, dynamic 

CRISPR programs enable microbes to adapt and respond to their environment–for 874 

instance, inducing lysing only when the biotherapeutic strain has colonized the tumor. 

When engineering strains for bioproduction, dynamic CRISPR programs can exert 876 

metabolic control to maximize flux to the desired product and minimize the accumulation 

of harmful intermediates. In this section, we focus on how CRISPR tools are enabling 878 

engineering complex prokaryotic systems for bioproduction and biotherapeutic 

applications. 880 
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Assembly and integration of engineered pathways 

Engineering prokaryotic bioproduction and biotherapeutic platforms often involves 882 

manipulating and assembling several heterologous genes. The programmable targeting 

of CRISPR tools has been repurposed for molecular cloning and introduction of large 884 

heterologous pathways into attractive microbial chassis (303–305) (Figure 5D). The 

engineered near-PAMless SpRY Cas9 variant has been used as a versatile restriction 886 

enzyme for molecular cloning due to its programmable targeting of any DNA sequence 

(306). CRISPR nucleases have also been applied for both integration and 888 

counterselection steps and largely accelerated the genome engineering protocol, 

spanning from gene disruption (knock-out) to gene integration (knock-in) (307–310). For 890 

insertion of large genetic payload, several CRISPR systems were developed to enable 

rapid cloning of biosynthetic gene clusters (BGCs) of up to 145 kb, resulting in the 892 

discovery of novel natural products (303, 311–313). In the case of biosynthetic genes that 

exhibited toxicity in cloning hosts, CRISPRi could be used as an auxiliary system to 894 

suppress expression of harmful genes (314). Recent efforts developing CRISPR-assisted 

recombineering have led to improvements in multiplexed recombineering efficiency (315, 896 

316), streamlining engineering of bioproducing E. coli (317–319).  

CRISPR tools have also accelerated DNA manipulation in broad ranges of 898 

industrially-relevant microorganisms, which were challenging when done via conventional 

approaches (27, 193, 320). The broad applicability of CRISPR nuclease systems has 900 

accelerated genome integration pipelines in attractive microbes, such as Pseudomonas 

and Acinetobacter species, known for their broad applications in both chemical 902 

bioproduction and therapeutic discovery (307, 309, 310). Highly-efficient chassis-
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independent recombinase-assisted genome engineering was employed to deliver 904 

CRISPR programs regulating BCGs in unconventional hosts (321). Similarity, recent 

CRISPR transposase studies have demonstrated programmable insertion of DNA into 906 

various bacterial hosts, including the Gram-negative Alphaproteobacteria (Agrobacterium 

fabrum), Betaproteobacteria (Burkholderia thailandensis), Gammaproteobacteria (E. coli, 908 

P. putida, and Klebsiella oxytoca), and Gram-positive bacteria (B. subtilis and C. 

glutamicum) (14, 15, 322, 323).  910 

Perturbing genotypes to explore of phenotypic landscapes 

Multi-gene CRISPR perturbations targeting endogenous and heterologous genes 912 

for editing or regulation can be used to explore bacterial phenotypes (198, 302). Bacterial 

phenotypes map ruggedly onto the genetic design space because the underlying 914 

metabolic and regulatory networks are complex (324, 325). In principle, combinatorial 

gene expression programs could be constructed to explore the genetic design space and 916 

identify desired phenotypes, such as high bioproduction titers (204, 326, 327). Compared 

to traditional cis-acting approaches, trans-acting CRISPR perturbations can dramatically 918 

reduce the time needed to engineer and fine-tune multi-gene programs because no 

additional direct engineering of the heterologous pathway or of the endogenous 920 

metabolism is necessary. 

CRISPR perturbations include up- or down-regulating gene targets as well as 922 

editing, such as to introduce an early stop codon to the open reading frame or abolish 

enzyme function (167, 328) (Figure 5E). Both Cas9 and Cas12 gene editing have been 924 

implemented in metabolically versatile Rhodobacter species, leading to enhanced 

production of bioplastics (32, 329). CRISPR gene editing has also facilitated engineering 926 
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of photosynthetic cyanobacteria Synechococcus and Anabaena (330–332), and obligate 

anaerobes such as Clostridia species (333), demonstrating improved production. 928 

Importantly, multiple base-editing events can be instituted in parallel and sequentially, 

allowing for rapid genome-wide rewiring of the microbial metabolism (11, 31). For 930 

example, multiplexed base-editing in R. sphaeroides was shown to improve bioproduction 

of antioxidant coenzyme Q10 (31). Sequential base-editing has also been used to 932 

reconstruct P. putida phenotypes and introduce auxotrophy towards NADPH (11). 

Similarly, multiple CRISPRi repression have been implemented in various non-model 934 

organisms suitable for CO2-utilizing organisms for chemical productions, including 

cyanobacteria and acetogen (30, 334–336). For CRISPRa, various systems have been 936 

applied for bioproductions in E. coli, P. putida, P. polymyxa, S. venezuelae, and M. 

xanthus, enabling bioproduction of various compounds ranging from commodity 938 

chemicals—ethanol, butanediol, and mevalonate, to therapeutics—biopterins, jadomycin, 

epothilone (146, 150, 152, 160, 337). Notably, through CRISPRa of three heterologous 940 

genes, we have demonstrated production of biopterin in E. coli and P. putida (160, 161), 

and valuable oligosaccharide products in E. coli (in preparation). Crucial to this task was 942 

the ability to rapidly explore the bioproduction landscape by generating a combinatorial 

64-member library of truncated scRNAs to upregulate expression of the three 944 

heterologous genes to precise levels (in preparation). Multiple studies have also 

demonstrated simultaneous CRISPRa and CRISPRi perturbations to achieve phenotypes 946 

inaccessible at the single gene perturbation level, across different prokaryotic systems, 

ranging from E. coli, S. enterica, B. subtilis, and P. putida (45, 146, 158, 160, 338). 948 
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Multiple groups have implemented genome-scale CRISPR programs for improved 

bioproduction. Coexpression of 20 sgRNAs to simultaneously downregulate six genes 950 

(ackA, iclR, poxB, pta, sdhC, sdhD) redirected E. coli metabolism to increase succinic 

acid production by 150-fold (246). Similar multiplexed CRISPRi programs have also led 952 

to increased production of isopentenol and free fatty acids (339, 340). Simultaneously 

CRISPR base editing of up to ten genes has been used to optimize lycopene production 954 

in C. glutamicum, accelerate glycerol utilization in B. subtilis, and increase PCA 

production in P. putida (11, 341). With high programmability and ease of design via short 956 

RNA sequences, CRISPR systems are permissive toward automated robotic platforms 

which could revolutionize the deployment of Design-Build-Test-Learn (DBTL) cycle (342). 958 

To achieve deeper understanding of novel engineered strains, genome-scale CRISPR 

programs could be reinforced by microbial single-cell RNA sequencing (343). This 960 

approach could enable massively-parallel investigations of individual CRISPR programs 

in a large gRNA library and feed comprehensive information back to the computational 962 

platform. In combination with advancements in massive DNA library synthesis, high-

throughput sequencing, and metabolite-responsive biosensor, genome-wide screening 964 

for gene targets that improve productivity could be achieved in a single-cell level (344–

346). 966 

Similarly, CRISPR tools can be used to improve bioproduction in in vitro systems. 

Cell-free systems, ranging from purified enzymes (347–349) to lysate-based expression 968 

systems, have proven to be viable bioproduction platforms for a wide range of products, 

such as small molecules, vaccines, and even recombinant phages (297, 350–352). For 970 

more in-depth analyses on various cell-free bioproduction systems, we refer to other 
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reviews (353–355). Since lysate-based CFES maintain some of the cellular enzymes and 972 

metabolites (356, 357), the background reactions could divert flux away from 

heterologous pathways and decrease product yield. Proteomics and metabolomics lysate 974 

analysis have elucidated how the strain genotype, culture conditions, and lysate 

preparation, impact the final lysate composition and in turn production capacity of proteins 976 

and small molecules (356–359). Hence, recent efforts have engineered strains by 

knocking out, knocking down, or up-regulating target genes to produce a more favorable 978 

proteome for improved protein expression and redirecting metabolic flux in the resulting 

lysate (297, 360, 361). Taking advantage of the full suite of CRISPR tools would enable 980 

rapid strain engineering and screening of different lysate compositions for improved 

CFES bioproduction. Paired with novel lysates from non-model organisms with more 982 

desirable endogenous metabolism for bioproduction (362, 363), CRISPR-tools offer a 

promising route for engineering more efficient CFES bioproduction platforms.  984 

CRISPR perturbations could also be used to identify genes with desirable traits for 

biotherapeutic applications. Biotherapeutic microbes, or live biotherapeutic products 986 

(LBP) as defined by the FDA, are becoming an exciting chassis for diagnostic and 

therapeutic applications (364). Recombinant LBPs are currently being explored to treat 988 

infectious diseases, inflammatory bowel diseases, and cancer (365). LBPs harboring 

CRISPR tools are already capable of recording changes in their environment and 990 

deploying novel antimicrobials (34, 35, 37, 366). One advantage of LBP is that they can 

colonize solid tumors and activate an immune response. However, bacteria are rapidly 992 

targeted and depleted by the immune system. Hence, CRISPRa/i could be used to 
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discover genes that affect tumor colonization and improve resistance to the host immune 994 

system. 

CRISPR tools are undoubtedly accelerating our ability to explore bacterial 996 

phenotypes. CRISPRa/i at the transcriptional and translational level in particular, have 

proved to be powerful techniques for engineering metabolic pathways without altering the 998 

underlying genetics and regulation. While CRISPRa/i perturbations could be hardcoded 

into the final strain, there are advantages in having genetic programs to dynamically 1000 

control phenotype, for instance to induce lysing only once a biotherapeutic strain is 

localized to the tumor, or to decouple cell growth and product synthesis in a bioproducing 1002 

strain. 

Exerting dynamic control over multiple gene 1004 

CRISPR tools can be used to dynamically sense multiple stimuli and respond to 

them through the coordinated expression of multiple genes (Figure 5F). In biotherapeutic 1006 

applications, LBPs must sense characteristic features of their target microenvironment, 

such as low O2 and high lactate levels when targeting tumors. CRISPR circuits could be 1008 

readily designed to sense these microenvironment signals, process them, and launch the 

appropriate therapeutic action. Additionally, engineered LBPs should possess 1010 

biocontainment circuits that enable both selective removal from the host and prevent 

proliferation in the wild (367, 368). Recently, Rottinghaus and colleagues demonstrated 1012 

a CRISPR-based killswitch in E. coli Nissle strain for in vivo use (288). The system 

induces cell death through multiplexed CRISPRi targeting of essential genes in response 1014 

to a chemical inducer as well as temperature. 
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In engineered biproduction systems, dynamic CRISPR control of metabolic 1016 

pathways is a highly effective approach to maximize flux and minimize the accumulation 

of harmful intermediates, optimizing overall product yield (369). Recently, implementation 1018 

of a CRISPRi dynamic feedback control increased the production of N-acetylglucosamine 

from 81.7 g/L to 131.6 g/L in Bacillus subtilis (370). The control circuit was designed to 1020 

downregulate expression of competing pathways in response to the key intermediate 

GlcN6P. Crucial to the function of these circuits is the availability of pathway metabolite 1022 

biosensors. Negative feedback control has also been used to reduce metabolic burden. 

sgRNAs expressed from native heat stress–related promoters allow the dynamic 1024 

downregulation of heterologous genes, improving growth and achieving greater total 

protein production over time (197). 1026 

In addition to flux and burden control, decoupling cell growth and product synthesis 

is another approach to maximize overall production (371) . Towards this goal, quorum 1028 

sensing (QS) has been used to monitor cell density in order to prioritize biomass 

accumulation early and product synthesis later. A QS-based CRISPRi circuit has been 1030 

used in rapamycin producing Streptomyces for dynamic downregulation of genes in three 

competing pathways, TCA cycle, FA synthesis, and AAA synthesis. Notably, compared 1032 

to static engineering strategies that result in growth arrest and low rapamycin titers, QS-

based CRISPRi resulted in increased rapamycin titers to the highest reported level of 1034 

1836 mg/l (372). Similar strategies have been used to improve naringenin and salicylic 

acid production in engineered E. coli through QS-based CRISPRi of essential genes 1036 

(373). Importantly, QS-based CRISPR circuits have also been shown to improve 
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bioproduction robustness across industrially-relevant culturing conditions (374), and 1038 

enable dynamic programming of E. coli–P. putida consortium composition (375). 

A parallel approach to decouple cell growth and product synthesis involves 1040 

inducing the metabolic program during stationary phase. Expression of sgRNAs from 

stationary phase promoters enabled growth-to-production switching and high-titer 1042 

shikimic acid and glutaric acid production (376). As with QS-based CRISPR circuits, 

induction of sgRNAs during stationary phase can also improve robustness and scalability 1044 

of E. coli cultures producing alanine, citramalate and xylitol (377, 378). In the 

cyanobacteria Synechocystis, inducible CRISPRi of citrate synthase gltA at low culture 1046 

densities increased CO2 partitioning to n-butanol, but sacrificed volumetric productivity 

due to low cell growth (379). Similar effects have been observed in P. putida strains 1048 

harboring knockouts or CRISPRi programs to boost acetyl-CoA levels (380, 381). In order 

to maintain high carbon partitioning into the desired product and increase overall CO2 1050 

fixation rate, a control strategy to dynamically cycle between growth and production 

phases has been proposed . In lactate-secreting Synechocystis, intermittent CRISPRi 1052 

growth arrest significantly increased cumulative lactate titers, and allowed stable lactate 

production for one month (382). 1054 

An emerging approach to maintain stable bioproduction genotypes and 

phenotypes during prolonged culture times involves encapsulating bioproduction 1056 

microbes in biocompatible materials, forming engineered living materials (ELMs) (383). 

We have recently fabricated E. coli ELMs carrying dynamic CRISPR programs for long-1058 

term bioproduction of biopterin (161). These multi-gene CRISPR programs could be used 

to switch bioproduction on and off in several cycles for at least 19 days, indicating that 1060 
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on-demand programming of ELMs could be signaled with CRISPR circuitry. With 

implementation of CRISPR circuit in the interface of material and living microbes, more 1062 

complex programming, such as spatially-compartmentalized microbial consortia of 

multiple bioproduction modules (384–386), could be constructed. 1064 

In cell-free expression systems, dynamic CRISPRa/i circuits have also enabled 

precise temporal control of gene expression through delays, pulses, and filters (45, 46, 1066 

48). These CRISPRa/i circuits could provide an efficient mechanism for implementing 

dynamic multigene control programs for bioproduction applications. For instance, circuits 1068 

capable of delaying gene expression could be useful when enzymes consume protein 

expression resources or produce toxic intermediates. In membrane-augmented CFES, 1070 

dynamic CRISPRa/i circuits could be used to investigate and optimize how membrane 

enzyme expression impacts membrane insertion and function (272). In lysate 1072 

engineering, if the desired proteome is detrimental to cell growth, dynamic CRISPRa/i 

programs could be used to switch into the desired proteome once high biomass levels 1074 

have been achieved. 

Diverse CRISPR tools are widely being adopted to accelerate the engineering of 1076 

prokaryotic systems. Further coupling new CRISPR tools for rapid strain and lysate 

engineering with artificial intelligence and machine learning approaches (AI/ML) to 1078 

recommend promising candidates (387–389), it could be possible to assess fewer genetic 

programs and achieve optimal strain in less time and with cheaper cost. Together with 1080 

advancements in genome-scale modeling and computational gRNA design, these 

approaches will greatly accelerate the development of sophisticated bioproduction and 1082 

biotherapeutic platforms.  
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Future prospects 1084 

CRISPR tools have proven invaluable for engineering prokaryotic systems across 

many fields, from biosensing to bioproduction and biotherapeutics. The ability of CRISPR 1086 

tools to precisely modify genetic material and encoding new desired functions is 

unparalleled among traditional genetic engineering tools. The vast repertoire of different 1088 

Cas proteins, tethered effector domains, and gRNA design strategies grants flexibility in 

engineering tools with different capabilities for specific tasks. While CRISPR 1090 

transcriptional regulation and base editing are already well established, novel tools are 

being developed to engineer prokaryotic systems through other molecular processes, 1092 

such as DNA looping, DNA replication, RNA translation, and protein degradation (159, 

390–393).  1094 

Recently, dCas9-based CRISPR tools have been repurposed for modulating DNA 

replication. Plasmid copy-number manipulation in E. coli has been achieved by controlling 1096 

centrations of DNA replication machinery (392, 393). Targeting the genomic DNA 

replication parts also provide programmable control of growth rate of individual bacteria 1098 

in a co-culture of E. coli and P. putida (375). Implementation of similar strategies with 

broad-host-range CRISPRa tools could enable further replication control in non-model 1100 

bacteria with a more limited set of different copy-numbers plasmids. We envision such 

tools could be integrated with dynamic CRISPR circuits to enable growth arrest for 1102 

allocating metabolic resources towards bioproduction, or population control in a microbial 

consortia. 1104 

CRISPR-based translational regulation in prokaryotes has also been recently 

developed (159) and its potential is largely still unexplored. With the RNA-targeting 1106 
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property of Cas13, translational control over a specific gene in a multi-gene operon could 

be possible. In E. coli, 68% of all genes are contained in operons, with some containing 1108 

as many as 14 genes (394). Precise regulation of this significant number of genes with 

current dCas9/12-based tools is limited because transcription of all genes in the operon 1110 

is affected. Hence, combining dCas13- and dCas9/12-based gene regulation would 

greatly expand our ability to precisely regulate genes within bacterial genomes.  1112 

In a similar fashion, Cas13-guided RNA editing has been demonstrated in 

mammalian cells by tethering the deaminase domain to dCas13 (138) but is yet to be 1114 

implemented in prokaryotic systems. Given that some effectors of the DNA base-editors 

target RNA natively in bacteria (395), programmable prokaryotic Cas13-based RNA-1116 

editing systems should be within reach. Similar to CRISPR DNA-targeting tools, realizing 

the potential of CRISPR RNA-targeting in prokaryotes will require learning the rules to 1118 

effectively and predictably repress, activate, and edit genes at the mRNA level.  

The flexibility granted by CRISPR tools to localize different effector(s) to many 1120 

target(s) has enabled the transition from a disarray of one-off molecular tools to a 

framework under which multiple tools can be orchestrated to engineer more complex 1122 

systems (98, 396). Moving forward, simultaneous integration of multiple CRISPR tools in 

the diverse prokaryotic hosts should be immediately feasible considering that the distinct 1124 

gRNA structures of Cas variants allow each CRISPR system to function orthogonally (26). 

The diverse catalog of Cas variants will provide suitable options for implementing 1126 

CRISPR systems in any microbe with specific traits for each application. Given the 

number of orthogonal hairpin-RBP pairs, different effectors can be programmatically 1128 

recruited to specific gRNAs, and therefore to specific nucleic acid targets. Harnessing the 
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designability of orthogonal CRISPR systems, further complex circuitry such as conditional 1130 

gene activation (397), and synergistic gene activation (in preparation). Overall, 

harnessing the diversity of natural and engineered CRISPR-Cas systems will provide 1132 

streamlined avenues for developing prokaryotic systems as the next generation of 

biosensors, dynamic bioproduction platforms, and smart microbial biotherapeutics.  1134 
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Summary 

CRISPR-Cas transcriptional circuits hold great promise as platforms for 44 

engineering metabolic networks and information processing circuits. Historically, 

prokaryotic CRISPR control systems have been limited to CRISPRi. Creating approaches 46 

to integrate CRISPRa for transcriptional activation with existing CRISPRi-based systems 

would greatly expand CRISPR circuit design space. Here, we develop design principles 48 

for engineering prokaryotic CRISPRa/i genetic circuits with network topologies specified 

by guide RNAs. We demonstrate that multi-layer CRISPRa/i cascades and feedforward 50 

loops can operate through the regulated expression of guide RNAs in cell-free expression 

systems and E. coli. We show that CRISPRa/i circuits can program complex functions by 52 

designing type 1 incoherent feedforward loops acting as fold-change detectors and 

tunable pulse-generators. By investigating how component characteristics relate to 54 

network properties such as depth, width, and speed, this work establishes a framework 

for building scalable CRISPRa/i circuits as regulatory programs in cell-free expression 56 

systems and bacterial hosts. 

 58 

 

Keywords 60 
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Introduction 

Inspired by nature, synthetic biologists seek to dynamically regulate gene 64 

expression in biological systems to conserve resources, respond to stimuli, and generate 

complex, time-dependent behavior (Brockman and Prather, 2015; Dinh and Prather, 66 

2020; Fontana et al., 2018a; Santos-Moreno and Schaerli, 2020). However, there are 

limited examples of synthetic, dynamic transcriptional regulatory networks capable of 68 

complex, multi-gene regulation. This rarity can be attributed to the limited number of 

suitable components for implementing scalable regulatory networks (English et al., 2021; 70 

Jeong et al., 2019; Nielsen et al., 2016), and to the difficulty of sequentially combining 

components into multi-layered operations (Brophy and Voigt, 2014; Gander et al., 2017; 72 

Lucks et al., 2008; Qian et al., 2017). Hence, a scalable framework enabling rational 

design and tuning of dynamic regulatory programs would constitute a significant advance. 74 

CRISPR-Cas transcriptional controls have emerged as a promising route for 

building gene regulatory networks enabling programmable and orthogonal control at 76 

many loci simultaneously (Banerjee et al., 2020; Landberg et al., 2020; Reis et al., 2019; 

Tian et al., 2019). In these systems, nuclease defective Cas proteins such as S. pyogenes 78 

dCas9 are combined with guide RNAs (gRNAs) that specify DNA targets. Targeting of 

this complex to promoters or open reading frames generates gene repression (CRISPRi). 80 

Scalable multi-gene circuits can thus be implemented simply through the programmed 

expression of multiple gRNAs (Gander et al., 2017; Huang et al., 2021; Nielsen and Voigt, 82 

2014; Santos-Moreno et al., 2020). Recent efforts have demonstrated the construction of 

CRISPRi circuits capable of performing a diverse set of Boolean logic evaluations 84 

(Gander et al., 2017; Nielsen and Voigt, 2014; Tan and Ng, 2021; Xiang et al., 2018), and 

https://www.zotero.org/google-docs/?EXb49B
https://www.zotero.org/google-docs/?EXb49B
https://www.zotero.org/google-docs/?VG2VmT
https://www.zotero.org/google-docs/?VG2VmT
https://www.zotero.org/google-docs/?1RBJvq
https://www.zotero.org/google-docs/?1RBJvq
https://www.zotero.org/google-docs/?mZyMLG
https://www.zotero.org/google-docs/?mZyMLG
https://www.zotero.org/google-docs/?eX9GJI
https://www.zotero.org/google-docs/?eX9GJI
https://www.zotero.org/google-docs/?eX9GJI
https://www.zotero.org/google-docs/?eX9GJI
https://www.zotero.org/google-docs/?dTtfVW
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dynamic expression programs (Dinh and Prather, 2019; Tian et al., 2020; Westbrook et 86 

al., 2019; Wu et al., 2020b). The recent discovery of new transcriptional activators and 

promoter design rules for effective CRISPR activation (CRISPRa) in bacteria raised the 88 

possibility of circuits combining CRISPRa and CRISPRi to form dynamic gene regulatory 

networks in prokaryotic systems (Dong et al., 2018; Fontana et al., 2020; Kiattisewee et 90 

al., 2021; Liu et al., 2019). Such circuits would enable network topologies and functional 

capabilities not possible with CRISPRi alone. Implementation of simultaneous CRISPRa 92 

and CRISPRi has been demonstrated on both multiple and individual genes (Table S2) 

(Dong et al., 2018; Kiattisewee et al., 2021; Wu et al., 2020a). In this work, we 94 

endeavoured to apply CRISPRa in genetic circuits that go beyond elementary operations 

in a single layer (Bikard et al., 2013; English et al., 2021; Fontana et al., 2020; Liu et al., 96 

2019).  

In this work, we develop genetic components and design strategies allowing 98 

CRISPRa to be combined with CRISPRi to generate a multi-layer CRISPRa/i 

transcriptional control system operating in E. coli and an E. coli-derived cell-free 100 

expression system (CFS). We show that the strength and dynamics of control actions can 

be tuned through the regulated expression of guide RNAs, with CRISPR-activation ratios 102 

as high as 25 fold in CFS and 40 fold in E. coli. We combine components into multi-

layered operations by level-matching the output expression levels of upstream 104 

components to the acceptable input range of downstream components (McDaniel and 

Weiss, 2005; Wang et al., 2013). We report the successful construction and tuning of 106 

multi-guide CRISPRa/i cascades and type 1 incoherent feed forward loops (I1-FFLs) in 

CFS and E. coli to programmably achieve complex behaviors such as pulse generation 108 

https://www.zotero.org/google-docs/?tUZCXr
https://www.zotero.org/google-docs/?tUZCXr
https://www.zotero.org/google-docs/?Z8vQdQ
https://www.zotero.org/google-docs/?Z8vQdQ
https://www.zotero.org/google-docs/?7jnm7A
https://www.zotero.org/google-docs/?Or4o94
https://www.zotero.org/google-docs/?Or4o94
https://www.zotero.org/google-docs/?g2RpXr
https://www.zotero.org/google-docs/?g2RpXr
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and fold-change detection. Together, a set of generalizable design rules and an 

expandable toolbox of orthogonal components provide a framework for rapid and scalable 110 

implementation of higher order CRISPRa/i regulatory networks. We envision that these 

capabilities will prove useful for the next generation of dynamically-regulated metabolic 112 

engineering efforts, multiplexed biosensing, and self-adaptive biocomputation (Bartoli et 

al., 2020; Wan et al., 2019; Wu et al., 2020b). 114 

  

https://www.zotero.org/google-docs/?HUFTXz
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Results 116 

CRISPRa/i Circuits in CFS 

Bacterial CRISPRa is Functional in E. coli CFS 118 

Cell-free systems have become an attractive platform for prototyping of genetic 

circuits, construction of synthetic cells and engineered biosynthetic pathways (Adamala 120 

et al., 2017; Dudley et al., 2015; Garamella et al., 2016; Karim et al., 2016; Marshall and 

Noireaux, 2018). However, there are limited examples of genetic circuits capable of 122 

dynamic, multi-gene regulation in CFS. CRISPRi-based genetic control is well established 

in CFS (Marshall and Noireaux, 2018; Westbrook et al., 2019). Incorporating CRISPRa 124 

into CFS could enable more facile circuit engineering by increasing the number of 

realizable network topologies (Figure S1), and could overcome challenges that limit the 126 

utility of multi-layer CRISPRi repression circuitry in CFS.  

A unique feature of CFS is that component turnover is greatly diminished 128 

compared to in vivo systems. CFS do not undergo dilution due to cell division and 

experience characteristically low protein and RNA turnover rates compared to cellular 130 

systems (Garamella et al., 2016). While component turnover can be accelerated via the 

addition of degradation machinery, this approach is inefficient and consumes valuable, 132 

finite resources (Garamella et al., 2016). In practice, this limited turnover makes 

repression circuits difficult to implement because even if transcription is halted the gene 134 

product is already present. In contrast, circuits based on activation are not dependent on 

turnover. Implementation of activation based regulatory circuits would allow the high 136 

volumetric productivities resulting from limited component turnover to be combined with 

complex and dynamic multi-layer regulatory circuitry in a cell free setting (Garamella et 138 

https://www.zotero.org/google-docs/?uIdmn7
https://www.zotero.org/google-docs/?uIdmn7
https://www.zotero.org/google-docs/?uIdmn7
https://www.zotero.org/google-docs/?fPiZ0P
https://www.zotero.org/google-docs/?mnK7JQ
https://www.zotero.org/google-docs/?WcKeiY
https://www.zotero.org/google-docs/?fZjNTC
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al., 2016). Thus, our first challenge was to adapt the CRISPRa system developed in E. 

coli for use in CFS. In this system, CRISPRa is applied using a 3’-extended guide RNA 140 

(scaffold RNA or scRNA) to direct dCas9 upstream of σ70 promoters. The 3’ extension of 

the guide RNA contains an RNA hairpin (MS2) which binds an RNA binding protein (MCP) 142 

fused to a transcriptional activator (SoxS) (Figure 1A). In this system scRNAs encode 

information for targeting of  dCas9 to precise locations along DNA as well as recruitment 144 

of a functional effector (Dong et al., 2018; Fontana et al., 2020; Kiattisewee et al., 2021; 

Zalatan et al., 2015). These scRNAs, J106, J206, and J306, are targeted via the spacer 146 

sequence directing CRISPRa to an expandable set of orthogonal synthetic promoters J1, 

J2, and J3 (Fontana et al., 2020). 148 

To understand the portability of the CRISPRa system between E. coli and CFS, 

we tested whether basal expression levels and gene activation in CFS corresponded to 150 

previously-observed trends in E. coli. In cells, CRISPRa can produce high levels of gene 

expression from a broad range of promoter strengths, but the fold-activation decreases 152 

as basal promoter strength increases. We tested a set of synthetic minimal promoters 

(BBa_J231XX) (Figure S2) of varying strength in CFS. We observed a high correlation 154 

between CFS and E. coli for both basal promoter strength and fold-activation by 

CRISPRa, providing Spearman correlation coefficients of 0.91 and 0.88, respectively 156 

(Figure S3). This observed correspondence between component function in E. coli-

derived CFS and E. coli is consistent with previous reports (Garamella et al., 2016; 158 

Marshall et al., 2018; Shin and Noireaux, 2012), allowing exchange of individual genetic 

components between the two systems.  160 

https://www.zotero.org/google-docs/?fZjNTC
https://www.zotero.org/google-docs/?jdlUy8
https://www.zotero.org/google-docs/?jdlUy8
https://www.zotero.org/google-docs/?jdlUy8
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Next, we sought to formalize a framework for the construction of higher order 

CRISPRa/i circuits operating through interconnected CRISPRa/i nodes (Figure 1B). In 162 

this framework, CRISPRa/i nodes are discrete transcriptional units containing target 

sequences for CRISPRa- and/or CRISPRi-directed transcriptional regulation (Figure 1A). 164 

To characterize CRISPRa/i nodes, we isolated dCas9, sc/sgRNAs, and the MCP-SoxS 

activator onto individual plasmids (Figure 1C), allowing independent titration of 166 

expression levels for all CRISPRa/i components. CRISPRa/i node characterization is 

conducted by measuring the output response of each node to varying levels of component 168 

transcriptional inputs provided by titrating component plasmid concentrations. We found 

that increasing the concentration of sc/sgRNA expressing plasmid resulted in higher 170 

overall levels of activation and repression (Figure 1D, 1E), as well as faster control (Figure 

S4). Titrations of dCas9 expressing plasmid revealed no differences in the strength of 172 

CRISPRa across a 40-fold range of dCas9 expression levels generated by 0.05 nM to 2 

nM dCas9 expressing plasmid (Figure S5, left), likely due to saturation of active CRISPRa 174 

complexes at these concentrations of DNA target. For all levels of dCas9 expression, we 

observed a ~40 min delay between initiation of the cell-free reaction and the onset of 176 

CRISPRa/i control, consistent with previously reported time of dCas9 maturation and 

CRISPR complex formation in CFS (Marshall et al., 2018; Westbrook et al., 2019). 178 

Titrations of plasmid expressing MCP-SoxS revealed a relatively wide region between 1 

nM and 24 nM over which no significant differences in endpoint measurements of 180 

CRISPRa mediated outputs were observed (Figure S5, right). Expression levels for 

dCas9 and MCP-SoxS activator were held constant throughout the work at 2nM and 4nM 182 

plasmid concentrations respectively. 

https://www.zotero.org/google-docs/?5JztdY
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Tuning CRISPRa/i through the Regulated Expression of Guide RNAs in CFS 184 

The ability to easily vary plasmid concentration in CFS, combined with the multi-

component nature of CRISPRa/i regulatory complexes (Figure 1C), enables tuning of all 186 

component expression levels independently. Some tuning actions are global, for instance 

varying dCas9 expression levels impacts both CRISPRa and CRISPRi. Other tuning 188 

actions, such as varying the level of activator protein, are expected to influence scRNA-

mediated activation but not sgRNA-mediated repression. Likewise, output levels for 190 

individual nodes in a circuit can be linearly scaled by changing the concentration of 

plasmid at that node (Figure 1B). To provide simultaneous and independent control over 192 

both timing and expression levels of multiple target genes, we tuned CRISPRa/i control 

actions through the regulated expression of guideRNAs. Here, the specificity provided by 194 

guideRNA targeting allows tuning actions to be applied locally to individual CRISPRa/i 

nodes. 196 

To quantify time-varying CRISPRa/i-directed changes in gene expression, we 

calculate production rates of CRISPR-regulated RFP expression relative to unregulated, 198 

basal expression of RFP. (relative RFP production rate). At saturating levels of scRNA 

expression, CRISPRa achieved constant levels of activation over the course of 4-6 hrs 200 

providing a ~20-fold ± 2 fold increase in RFP production rate relative to an off-target 

control (Figure 1D, right). Likewise, relative production rates from CRISPRi with saturating 202 

levels of sgRNA (Figure 1E, right) achieved steady state levels of repression by 3 hours. 

Guide RNA titrations revealed that increasing levels of scRNA decreased the time to 2-204 

fold activation by CRISPRa by up to ~5 hours, and increasing levels of sgRNA decreased 

the time to 50% repression by CRISPRi by up to ~10 hours (Figure S4, left). We found 206 
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that sgRNA titrations were able to significantly affect the overall timing of gene expression 

as determined by the time to half maximum endpoint RFP values, with strong CRISPRi 208 

providing a ~3 hour shift to earlier time points as compared to a no sgRNA control (Figure 

S4, right). Qualitatively, we observed that increasing sgRNA expression levels resulted in 210 

a higher fraction of total expression occurring at early time points. In contrast, scRNA 

titrations primarily provided a scaling factor to CRISPRa output levels without greatly 212 

affecting the timing of expression (Figure 1D, 1E, right; Figure S4, right). These data 

suggest that under these conditions CRISPRa kinetics may be dominated by the time 214 

required for  MCP-SoxS expression and maturation. 

Level-Matching of Multi-Layer CRISPR Circuitry in CFS 216 

To enable the construction of multi-layer circuits, we built activation and activation-

repression cascades by level-matching the input/output dynamic ranges between 218 

sequential CRISPRa/i nodes. That is, we matched the output transcription levels of an 

upstream node encoding scRNA to the relevant transcriptional input range of a 220 

downstream node encoding another sc/sgRNA. From sc/sgRNA plasmid titrations, we 

observed that both CRISPRa and CRISPRi respond to changes in input guide RNA 222 

expression levels spanning approximately 2 orders of magnitude (Figure 2A, 2C). Across 

this responsive range of sc/sgRNA inputs, CRISPRa controlled outputs vary by ~24-fold 224 

at endpoint. While the dynamic range of CRISPRa generated outputs does not fully span 

the dynamic range of sc/sgRNA inputs, this characterization suggests that CRISPRa/i 226 

nodes can be sequentially combined by careful matching of upstream output ranges to 

downstream input ranges to form layered operations. 228 
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By tuning the concentration of plasmid expressing sc/sgRNA in the second layer 

of the cascades we were able to control the degree of overlap between response curves 230 

of upstream and downstream layers in the circuit. Based on the scRNA dose-response 

curves for CRISPRa by two different scRNAs in isolation (Figure 2A), we decided to build 232 

CRISPR activation-activation cascades to probe the composability of CRISPRa circuits 

from components characterized in isolation. Using these curves, we predicted how a 24-234 

fold increase in transcription provided by CRISPRa in the first layer of the cascade affects 

cascade output. We made this prediction for four different concentrations of plasmid 236 

expressing scRNA in the second layer (Figure 2B). Upon construction of these CRISPRa 

cascades, we observed a strong agreement (R2 = 0.985) between measured and 238 

predicted fold increases in outputs of CRISPRa cascades (Figure 2B). As expected, 

overlap between layers was maximized at 2 nM scRNA plasmid in the second layer, with 240 

the cascade providing a 16.3 ± 3.0 fold increase in measured RFP at endpoint compared 

to CRISPRa alone. Both lower, 0.5 nM, and higher, 4 nM, concentrations of scRNA 242 

expressing plasmid in the second layer of the cascade resulted in decreased fold changes 

in cascade output, at 7.6 ± .6 fold and 15.2 ± 2.3 fold respectively. From these data, we 244 

calculated the efficiency of signal propagation through the activation cascade by 

comparing the observed fold change in cascade output to the fold change provided by 246 

CRISPRa in the input layer. At present, given optimal level-matching we observe 67.9% 

± 18.1% signal propagation for the two layer CRISPRa cascade. Together, these results 248 

suggest that we can predictably tune the degree of overlap between layers of CRISPRa/i 

circuits to propagate signals, satisfy input requirements of potential downstream layers, 250 

and tailor absolute gene expression levels.  
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Next, we constructed an activation-repression cascade with CRISPRa in the input 252 

layer activating transcription of RR2 sgRNA which targets the coding sequence of mRFP1 

for CRISPRi in the second layer of the cascade (Figure 2D, top). As in construction of the 254 

activation-activation cascade, level-matching was informed by the sc/sgRNA dose-

response curves for CRISPRa and CRISPRi obtained in isolation (Figure 2C). As 256 

expected, when the overlap between layers was maximized, the CRISPRa/i cascade 

generated 4.6-fold ± 0.7 more repression than CRISPRi alone (Figure 2D, right). The 258 

importance of matching upstream outputs to the responsive range of downstream inputs 

was illustrated by overexpression of sgRNA in the second layer of the activation-260 

repression cascade, intentionally minimizing the overlap between the upstream and 

downstream layers of the cascade. Under these conditions, the activation-repression 262 

cascade reduced RFP expression by 1.4-fold ± 0.3 compared to CRISPRi (Figure 2D, 

left). 264 

CRISPRa/i Circuits Encode Dynamic Gene Expression Programs 

 Next, we sought to investigate the ability of multi-layer CRISPRa/i circuitry to 266 

encode dynamic gene expression programs inaccessible to simpler single layer 

controllers. As a first step, we explored the influence of level-matching on CRISPRa/i 268 

cascade dynamics by comparing relative RFP production rates arising from an activation-

repression cascade to those generated by CRISPRi. When there is a high degree of 270 

overlap between the response curves of the layers in the cascade, significant changes in 

the timing of gene expression are observed (Figure 2E, right; 2F). For instance, an 272 

activation-repression cascade with 0.5 nM of sgRNA plasmid results in repression of the 

RFP output at a comparable rate, but delayed onset compared to that of CRISPRi 274 
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repression alone with 4 nM of sgRNA plasmid. This delay is interpreted as the time 

required for CRISPRa to activate sgRNA expression in the second layer of the circuit. We 276 

identify a ~10-fold range of sgRNA plasmid concentrations over which a CRISPR 

activation-repression cascade can generate significant differences in expression 278 

dynamics compared to single-layer CRISPRi (Figure 2F). 

As expected, when sgRNA expression levels are mismatched we observe 280 

negligible differences in expression dynamics. If the concentration of plasmid expressing 

sgRNA in the second layer of the activation-repression cascade is too low, e.g. 0.01 nM, 282 

no repression is observed. Conversely, high concentrations of sgRNA expressing plasmid 

in the second layer of the cascade effectively result in CRISPRi applied in a single layer, 284 

producing expression dynamics identical to that of the CRISPRi control (Figure 2E, left). 

Above 2 nM of sgRNA expressing plasmid, we observed no difference in the time to 50% 286 

repression for the CRISPRa/i cascade as compared to single-layer CRISPRi (Figure 2F). 

Together, these results underscore that gene expression dynamics can be tuned by multi-288 

layer CRISPRa/i circuits when there is sufficient overlap between the response curves of 

the CRISPRa/i circuit components. 290 

After establishing the rules governing construction of layered CRISPRa/i circuitry, 

we endeavored to create more complex transcriptional programs to explore the scalability 292 

and composibility of CRISPRa/i regulatory networks. We combined the CRISPR 

activation-repression cascade with CRISPRa to form an incoherent type 1 feed forward 294 

loop (I1-FFL), a classic pulse generating circuit that is significantly overrepresented in 

natural systems (Alon, 2007; Kaplan et al., 2008; Mangan and Alon, 2003; Shen-Orr et 296 

al., 2002). When level-matching is taken into consideration, we see that circuit topology 

https://www.zotero.org/google-docs/?7a11cu
https://www.zotero.org/google-docs/?7a11cu
https://www.zotero.org/google-docs/?7a11cu
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determines the timing of gene expression (Figure 3A). As expected, we observe no 298 

difference in expression dynamics between CRISPRa and CRISPRa+CRISPRi 

(CRISPRa+i) at low concentrations of sgRNA expressing plasmid (Figure 3A, blue, 300 

orange). When expression of sgRNA at node Y  is activated by CRISPRa to form an I1-

FFL (Figure 3A, red), we observe a gene expression pulse, qualitatively different from 302 

expression generated by CRISPRa or CRISPRa+i. Upon addition of an orthogonal I1-

FFL controlling expression of GFP to the same reaction (Figure 3A, green), no differences 304 

in the timing of gene expression are observed at the output of the RFP I1-FFL. This result 

indicates that we can operate multiple circuits simultaneously without compromising the 306 

respective expression dynamics. 

We were able to tune the timing of the gene expression pulse generated by the I1-308 

FFL by varying the concentration of sgRNA expressing plasmid. The maximum RFP 

production rate occurred ~110 min earlier in the cell-free reaction when we increased the 310 

sgRNA expressing plasmid concentration 10-fold from 0.1 nM to 1 nM (Figure 3B). More 

generally, we observed that the time of the maximum gene expression pulse could be 312 

continuously tuned over a 4-fold change in sgRNA plasmid levels, shifting expression 

maxima earlier by up to 2 hours compared to unregulated expression (Figure 3C). To 314 

capture the I1-FFL expression dynamics and evaluate the feasibility of rationally tuning 

CRISPRa/i circuits in silico, we constructed a coarse-grained mechanistic model of 316 

CRISPRa/i gene regulation. We defined first order chemical reactions for protein and 

guide RNA production, CRISPR complex assembly, and DNA targeting (Figure 3B, 318 

bottom; Table S3). When an initial experimental observation was provided, the model was 

capable of predicting the effects of tuning actions applied to the I1-FFL on gene 320 
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expression dynamics (Figure 3B, fit and simulate). Here, the model is fit to the 

experimental data for an I1-FFL with 0.1 nM sgRNA expressing plasmid and used to 322 

predict the expression dynamics for an I1-FFL with 1 nM sgRNA expressing plasmid. 

Similar results were obtained when fitting to the 1 nM condition and predicting the 0.1 nM 324 

condition (Figure S8). We observed a ~10 min difference between the measured and 

predicted timing of maximum RFP production rate, corresponding to the time resolution 326 

of our measurements. Combined with the observed predictability of level-matching in 

CRISPRa/i cascades, these results suggest that high-fidelity CRISPRa/i circuits could be 328 

designed and tuned in silico given component characterization data.  

CRISPRa/i Circuits in E. coli 330 

To form dynamic, multi-layer circuitry in E. coli, CRISPRa/i circuits are encoded on 

two plasmids. One plasmid contains dCas9, MCP-SoxS, and scRNAs acting as inputs to 332 

the first layer of a circuit, while the second plasmid contains a fluorescent reporter as well 

as sc/sgRNAs acting in the second layer of a circuit (Figure 4A, 5A). Unlike cell-free 334 

systems, in which the expression level of every circuit component can be precisely 

titrated, gene expression in cells is constrained by the expression levels achievable given 336 

different combinations of plasmid copy number and genetic parts. Level-matching of 

multi-layer CRISPRa/i circuits in cells is therefore more challenging, and requires 338 

attention not only to the dynamic range of components, but also the absolute expression 

levels and activities.  340 

Level-Matching in Multi-Layer CRISPRa Circuits 

To understand the level-matching requirements of scRNAs in multi-layer CRISPRa 342 

cascades in E. coli, we engineered the basal expression characteristics of CRISPRa 
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nodes in the second layer of a 2 layer activation cascade. In this circuit, scRNA expressed 344 

at node X targets CRISPRa to a promoter at node Y, activating expression of a second 

scRNA, targeting a fluorescent reporter at node Z for CRISPRa. Tuning of basal 346 

expression levels was accomplished through the use of synthetic minimal promoters 

(BBa_J231XX), as well as modifications to the 5’ sequence proximal to the minimal 348 

promoter at node Y, driving scRNA expression in the second layer (Figure 4B). At the 

highest basal levels of scRNA expression in the second layer, CRISPRa cascades 350 

yielded 1.4x higher output levels than a comparable single-layer circuit. Decreasing basal 

scRNA expression levels in the second layer of the cascade by ~10x increased the output 352 

dynamic range of the CRISPRa cascade to 5.9x. Decreasing basal scRNA expression 

levels by a further 3.4x increased the output dynamic range by an additional 2x, resulting 354 

in an overall activation ratio of 12.3x for the CRISPRa cascade as compared to the single-

layer circuit. Output levels of CRISPRa cascades at all tested scRNA expression levels 356 

were comparable to output of single-layer CRISPRa with saturating levels of scRNA 

expression. We observed that CRISPRa cascades were sensitive to scRNA expression, 358 

with 32% compression of the output dynamic range observed even at the lowest basal 

expression level of scRNA at node Y. Compression of the output dynamic range in 360 

cascades can be attributed to basal scRNA expression in the second layer of the circuit. 

These results suggest that engineered promoters capable of lower basal scRNA 362 

expression levels would minimize compression of activation cascade dynamic ranges. 

Inducible CRISPRa by expressing MCP-SoxS from an inducible promoter 364 

To provide an input for dynamic CRISPRa/i circuitry in E. coli, we chose to apply 

control over CRISPRa through inducible expression of the MCP-SoxS activator protein 366 
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(Figure 5B). We observed that output levels generated by CRISPRa were titratable 

through aTc induction of MCP-SoxS activator (Figure 5B, right). These output levels were 368 

similar to CRISPRa employing constitutive expression of MCP-SoxS (Figure 4B, left) as 

well as aTc induction of scRNA (Figure S9, left). Compared to CRISPRa with 370 

constitutively expressed activator and off/on target scRNA, the aTc-inducible system 

provided 40% lower basal levels and 16.5% lower activated levels of reporter expression 372 

(Figure 5B). A 40.4 ± 0.77 fold increase in expression was observed for the constitutive 

CRISPRa system supplied with on versus off-target scRNAs, whereas aTc induction of 374 

MCP-SoxS with on-target scRNA yielded a 56.3 ± 0.65 -fold increase. A similar, 43 fold 

increase was observed when comparing aTc inducible MCP-SoxS with on/ off-target 376 

scRNA (Figure S9, right). Together, these results establish aTc-inducible expression of 

the MCP-SoxS activator as a means of generating titratable levels of activation. 378 

Level-Matching of Multi-Layer CRISPRa/i Circuits in E. coli 

To understand the level-matching requirements of sgRNAs in multi-layer 380 

CRISPRa/i circuits in E. coli, we constructed an inducible CRISPR activation-repression 

cascade. Here, we titrated the CRISPRa input in the first layer and tuned both the 382 

expression characteristics of the promoters and the activities of sgRNAs in the second 

layer of the cascade. Tuning of CRISPRa inputs in the first layer of the cascade was 384 

provided by the previously described inducible MCP-SoxS activator system. In the second 

layer of the cascade, expression characteristics of promoters were tuned via 386 

modifications to the 5’ sequence proximal to the minimal promoter, while sgRNA activities 

were modified through the use of 5’ spacer truncations (Fontana et al., 2018b; Qi et al., 388 

2013) (Figure 5C, Figure S11). When the J2 promoter was used to express RR2 sgRNA 

https://www.zotero.org/google-docs/?7WLzou
https://www.zotero.org/google-docs/?7WLzou
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targeting RFP (Fontana et al., 2018b), we observed 70% repression in the absence of 390 

activation (Figure 5C, left). A ~20-fold increase in sgRNA expression provided by 

CRISPRa (Figure S10) resulted in an output dynamic range of 4-fold, spanning 23% of 392 

accessible expression levels. Decreasing the strength of CRISPRi via truncation of the 

RR2 sgRNA spacer to 14 nucleotides decreased repression in the absence of activation 394 

of sgRNA expression to 20% as compared to an off-target control. However, truncated 

guide RNAs were not able to achieve high levels of repression at maximal levels of 396 

activation (Figure 5C, center) resulting in a compressed output dynamic range of 2.5-fold, 

spanning 48% of accessible expression levels. Tuning of sgRNA expression levels via 398 

modifications to the 5’ sequence proximal to the minimal promoter resulted in 17% and 

92% repression in the absence and presence of CRISPRa applied to RR2 sgRNA 400 

respectively, yielding an output dynamic range of ~10-fold, spanning 76% of the 

accessible expression space (Figure 5C, right ). Taken together, the inducible CRISPRa/i 402 

cascade and the CRISPRa cascade indicate that guide RNA expression levels produced 

by CRISPRa are sufficient to saturate downstream layers of CRISPRa/i circuits, and that 404 

both CRISPRa and CRISPRi are highly sensitive to basal expression of sc/sgRNAs. 

Tunability of CRISPRa/i Enables Interrogation of Complex Behavior in E. coli 406 

The ability to tune CRISPRa/i circuits through both promoter engineering and guide 

RNA truncations allows control over the abundance and strength of individual sc/sgRNAs. 408 

Such control enables independent tuning of nodes in multi-layer CRISPRa/i circuitry. 

Paired with the ease of circuit construction, the CRISPRa/i system is suited for rapid 410 

circuit function interrogation. To showcase multi-guide tuning and circuit function 

https://www.zotero.org/google-docs/?9CTLKH
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exploration, we constructed and characterized three different I1-FFLs in which application 412 

of repression by node Y is varied. 

To enable observation of dynamic circuit behaviors and provide titratable levels of 414 

input activation, we chose to use inducible expression of the activator protein MCP-SoxS 

(Figure 5B). To understand the effect of tuning actions on I1-FFL output, we constructed 416 

three different network topologies (Figure 6A. top), an I1-FFL, CRISPRa+i, and CRISPRa 

with an off-target sgRNA. We compared the response of these three circuits to increasing 418 

levels of MCP-SoxS induction for three different tunings of sgRNA expression (Figure 6A, 

bottom). To determine how much of the repression in the I1-FFL could be attributed to 420 

the basal expression from node Y, we compared the CRISPRa+i circuit to CRISPRa with 

off-target sgRNA (Figure S12). We observed 7500 RFU from CRISPRa+i with off-target 422 

sgRNA. CRISPRa+i expressing full-length on-target sgRNA from the J2 promoter 

provided 2200 and 71 RFU at 200 nM and 0 nM aTc, respectively. Thus, basal expression 424 

of the sgRNA from node Y has the effect of reducing, or compressing, the output range 

of the MCP-SoxS CRISPRa titration by 70%.  In an I1-FFL with the same sgRNA 426 

expression tuning, the output dynamic range was only 3-fold (Figure S12). We reasoned 

that decreasing the strength of repression at node Z would reduce compression in the 428 

CRISPRa+i circuit and increase the dynamic range of the I1-FFL. Tuning repression 

through sgRNA truncation to 14nt decreased compression of the output range by the 430 

CRISPRa+i circuit from 70% to 24%, and increased the output dynamic range of the I1-

FFL from 3 fold to 15 fold (Figure S12). Tuning repression through modifications to the 432 

sequence 5’ of the minimal promoter expressing sgRNA resulted in 4% compression of 

the output range by CRISPRa+i.  However, counterintuitively the I1-FFL output dynamic 434 
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range was decreased to 2 fold with the same modifications to the sequence 5’ of the 

minimal promoter expressing sgRNA (Figure S12). While the latter result was 436 

unexpected, the current suite of tuning actions available to the CRISPRa/i system in E. 

coli nonetheless does allow independent tuning of interactions between nodes in multi-438 

guide circuits. 

I1-FFLs are used in many naturally-occurring  sensory systems as fold-change 440 

detectors to generate dynamic outputs determined by relative, as compared to absolute, 

differences in inputs to the system (Adler and Alon, 2018). Formally, fold-change 442 

detection (FCD) can be defined as a logarithmic relationship between inputs “I” and 

outputs “O”, i.e., an input/output response curve, satisfying the equation 𝑂 = 𝑎 ∙  𝑙𝑛(𝐼) +444 

𝑏. Theoretical work has shown that a transcriptional I1-FFL is capable of fold-change 

detection only under specific ratios of component expression levels and strengths 446 

(Goentoro et al., 2009). Experimentally, we can test for fold-change detection in these 

circuits by evaluating the variance explained by a logarithmic fit to outputs taken as a 448 

function of aTc-induced MCP-SoxS inputs. Consistent with expectation, we observed that 

only I1-FFLs with specific sgRNA tunings were capable of detecting fold changes of aTc 450 

over the linear range of MCP-SoxS induction (Figure 5B, right). Over this linear range, we 

observed an R2 of 0.975 for a logarithmic fit between the inputs and outputs, as compared 452 

to an R2 of 0.853 for a linear fit to the data for the I1-FFL with 20nt RR2 sgRNA expressed 

from the J2 promoter (Figure 6A, bottom right). Using these R2 values we can calculate 454 

Akaike Information Criterion scores (AICc)(Methods 6) for each model. The relative 

likelihood of the data being described by a logarithmic as opposed to a linear model can 456 

then be computed using the AICc scores for each model. For the IFFL with RR2 sgRNA 

https://www.zotero.org/google-docs/?63oJOu
https://www.zotero.org/google-docs/?eVfRVE
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expressed from the J2 promoter, we find that the logarithmic model is 197 times more 458 

likely to describe the data than a linear one. We can extend the test for fold-change 

detection beyond the linear range of aTc-induced MCP-SoxS inputs by converting these 460 

inputs into the corresponding CRISPRa responses. We linearized the CRISPRa response 

to aTc induction by dividing CRISPRa output levels at a given aTc induction level by the 462 

CRISPRa output at saturating concentrations of aTc. Plotting I1-FFL outputs against this 

percent induction of the CRISPRa response provided an R2 of 0.989 for a logarithmic fit, 464 

as opposed to only 0.896 for a linear fit resulting in a relative likelihood of 880 for the data 

being described by a logarithmic model. By comparison, the corresponding CRISPRa+i 466 

circuit exhibited an R2 for the input-output relationship of 0.852 for a logarithmic fit, and 

0.997 for a linear fit resulting in a relative likelihood of less than .001 or, stated differently, 468 

that the linear model is at least 1000 times more likely than the logarithmic one to describe 

the observed data (Figure S13). Taken together, these data show that CRISPRa/i circuits 470 

assembled into I1-FFLs can be tuned to achieve fold-change detection. This 

demonstrated capacity of CRISPRa/i circuits to perform non-linear mapping between 472 

inputs and outputs expands the utility of the CRISPRa/i system, allowing complex 

relationships to be encoded as network topologies.  474 

To investigate the composability of CRISPRa/i controlled gene expression 

dynamics, we tested three inducible circuits under continuous dilution: CRISPRa, an 476 

activation-repression cascade, and an I1-FFL tuned for fold-change detection (Figure 6B, 

left). We observed increases in RFP/OD600 roughly 1 hr post induction for both the I1-FFL 478 

and CRISPRa corresponding to the action of the first layer in both circuits (Figure 6B, 

right). For both the I1-FFL and the activation repression cascade, repression onset was 480 
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observed at ~5 hours, corresponding to the action of the second layer of each circuit. 

While I1-FFLs are recognized as a classic pulse generating circuit, in order to achieve 482 

fold-change detection gene expression pulses must display perfect adaptation (Adler and 

Alon, 2018; Goentoro et al., 2009), meaning gene expression must return to the basal 484 

level after completing the pulse. Here we observed an adaptive pulse of gene expression 

from the I1-FFL that starts at the baseline and ends at the baseline, corroborating the 486 

ability of the CRISPRa/i I1-IFFL to function as a fold-change detector. Overall, these 

results indicate that CRISPRa/i circuits are composable in that the observed dynamic 488 

behaviors can be understood from the functions of the parts.  

https://www.zotero.org/google-docs/?50si2Q
https://www.zotero.org/google-docs/?50si2Q
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Discussion 490 

We have developed a set of components and a unifying framework for building 

dynamic CRISPRa/i gene regulatory networks that are scalable, composable, and 492 

tunable. These networks are built from CRISPRa/i nodes, which we define as 

transcriptional units that can be targeted for regulation by both CRISPRa and CRISPRi. 494 

The CRISPRa/i framework leverages an expandable set of synthetic promoters and 

orthogonal guide RNAs to specify arbitrary transcriptional regulatory topologies. The 496 

characteristics and limitations of the network are therefore determined by the properties 

of the constituent components. Particularly, promoter dynamic range and guide RNA 498 

function specify the transcriptional input-output relationship of each node. Understanding 

these relationships will be fundamental for building deep, wide, and fast regulatory 500 

networks. 

We can estimate the upper bound for the maximum depth of activation cascades 502 

based on the observed cascade performance in this work. At present we observe 68% ± 

18% signal propagation in a two layer activation cascade (Figure 2B). The total fraction 504 

of signal propagated in deeper cascades can be calculated by raising the fraction of signal 

propagated between two layers to the total number of internal layers in the cascade. This 506 

calculation indicates the current CRISPRa/i system in CFS can support cascades up to 6 

layers deep before output activation ratios fall below 2.5 fold. Similarly, we achieve 68% 508 

± 2.7% signal propagation in E. coli (Figure 4B), suggesting activation cascades of up to 

6 layers could be built with the current implementation of the CRISPRa system in-vivo. 510 

With the components presented In this work, transcriptional activation generated by 

CRISPRa does not fully span the input dynamic range of sc/sgRNA expression in 512 
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downstream layers (Figure 2), resulting in degradation of signals as they are propagated 

through multi-layer CRISPRa/i circuits. The most general solution to increase fidelity of 514 

signal propagation in both CFS and E. coli is through engineering improved system 

components. Promoters with lower basal expression, leading to larger output dynamic 516 

ranges, would span a higher fraction of the input dynamic range of downstream nodes, 

resulting in less signal degradation between layers and deeper CRISPRa/i circuitry. We 518 

estimate that engineered promoters with a mere 5-fold increase in output dynamic range 

would allow CRISPRa-directed outputs to fully span the input dynamic range of 520 

sc/sgRNAs in downstream layers. In this system, modest improvements in signal 

propagation efficiency between layers would enable drastically deeper CRISPRa/i 522 

networks. For instance, increasing the fraction of signal propagated between layers by 

12%, and output dynamic ranges by two fold would, in theory, enable cascades up to 14 524 

layers deep before output activation ratios fall below 2.5 fold. While deeply layered 

cascades remain beyond the scope of current engineered regulatory networks, the large 526 

activation ratios and high fidelity of signal propagation observed in the CRISPRa/i system 

contribute to the robust operation of shallower networks. 528 

Natural systems coordinate the expression of many outputs with few internal layers 

of computation using wide, highly-interconnected networks such as dense overlapping 530 

regulons (Rosenfeld and Alon, 2003; Shen-Orr et al., 2002; Thieffry et al., 1998). Our 

results indicate the CRISPRa/i system is well suited to design of wide control circuits for 532 

simultaneous and independent multi-gene regulation. In CFS, CRISPRa levels and 

kinetics are unchanged with respect to scRNA expression across at least an order of 534 

magnitude (Figure S6). Additionally, RFP expression levels are unchanged over a ~40-

https://www.zotero.org/google-docs/?ZPNfXo
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fold range of dCas9 plasmid concentration (Figure S5). This indicates that the cell-free 536 

reaction has the resources to express high levels of scRNA and dCas9 without hindering 

system performance. Construction of two orthogonal I1-FFLs in the same reaction 538 

showcases the ability of CFS to harbour large circuits expressing many different 

sc/sgRNAs to execute multiple independent programs simultaneously. Likewise, E. coli 540 

are capable of expressing high levels of sc/sgRNA without experiencing growth defects 

or retroactivity due to guide RNA competition for dCas9 (Huang et al., 2021). We observe 542 

that modest overexpression of off-target scRNA has minimal effects on CRISPRa levels 

(Figure S15), consistent with recent modeling work suggesting favorable scaling for 544 

CRISPRa networks as compared to CRISPRi (Clamons and Murray, 2019). Taken 

together, these results suggest that the CRISPRa/i system could support the operation of 546 

programs containing up to 20 independent sc/sgRNAs with minimal impact to system 

performance in both CFS and E. coli. As CRISPRa/i circuits become larger, it may be 548 

necessary to incorporate improvements from the larger CRISPR community with our 

approach to overcome potential limitations imposed by expression burden and gRNA 550 

competition (Huang et al., 2021; Schmidt et al., 2021)   

In both natural and engineered systems RNA-based regulatory approaches 552 

provide a means for fast and metabolically-efficient control of gene expression 

(Bobrovskyy and Vanderpool, 2013; Chappell et al., 2017; Stevens and Carothers, 2015; 554 

Takahashi et al., 2015; Westbrook et al., 2019). In multi-layer CRISPRa/i circuits, the 

speed of signal propagation is a tunable parameter depending on the relative expression 556 

levels of all components involved in both CFS and E. coli. Our analysis of relative 

production rates shows that guide RNA mediated information propagation through 558 

https://www.zotero.org/google-docs/?kTttK9
https://www.zotero.org/google-docs/?VBX953
https://www.zotero.org/google-docs/?aWicuU
https://www.zotero.org/google-docs/?QEBR5g
https://www.zotero.org/google-docs/?QEBR5g
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internal layers of CRISPRa/i circuits can be fast (~30 mins/layer) (Figure S14) compared 

to the time required for initial expression of functional CRISPRa components. Under 560 

saturating expression of dCas9, sgRNA titrations reveal an initial 40-50 min delay to the 

onset of CRISPRi, which could be attributed to maturation of dCas9 and formation of 562 

active CRISPR complexes (Figure 1E, right). Likewise, at high expression levels of 

dCas9, we observe small differences in the timing of gene expression across a wide range 564 

of scRNA expression levels (Figure 1D; Figure S5, right). In CFS, CRISPRa controlled 

production rates reach steady state with respect to constitutive expression over the 566 

course of several hours (Figure 1D, right). In contrast, CRISPR activation generated by 

cascades can experience minimal additional delays compared to CRISPRa in a single 568 

layer (Figure S14). For many applications in biocomputing and metabolic control, 

successful operation is determined not only by the fidelity but also the speed at which 570 

information is propagated through the regulatory network. CFS containing pre-expressed 

dCas9 and activator protein could accelerate the onset of CRISPRa/i regulation in these 572 

systems. Extrapolation of these CFS observations to inform the speed of propagation in 

E. coli is difficult because E. coli experience dilution due to cell division as well as dCas9 574 

eviction due to DNA replication. While the cell free experiments in this work were 

conducted as batch mode reactions, introduction of component turnover either through  576 

continuously diluted cell free reactions(Dubuc et al., 2019; Karzbrun et al., 2014; 

Niederholtmeyer et al., 2013), or programmable degradation(Garamella et al., 2016) 578 

presents a bridge between cellular and cell free settings. Future work to characterize the 

correspondence between tuning actions and the speed of signal propagation in cell free 580 

systems with component turnover could provide a promising test bed to inform the 

https://www.zotero.org/google-docs/?kMHKwW
https://www.zotero.org/google-docs/?kMHKwW
https://www.zotero.org/google-docs/?jg3ARq
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predictive design of CRISPRa/i programs controlling gene expression timing in a cellular 582 

setting.  

Given the previously demonstrated orthogonality of CRISPR-based regulation and 584 

the independence of CRISPRa/i nodes observed in this work, we find the CRISPRa/i 

system to be readily composable into larger motifs. CRISPRa/i circuits can be built by 586 

level-matching the response curves of different nodes, without complications arising from 

retroactivity and crosstalk. Indeed, upon construction of two orthogonal I1-FFLs in the 588 

same CFS reaction (Figure 3A), expression dynamics of the first I1-FFL were 

independent from both the presence and action of the second I1-FFL, and nearly identical 590 

to expression dynamics observed in isolation. Such orthogonality enables design of 

circuits with deterministic functions based solely on proper implementation of network 592 

topologies. In CFS, we built circuits capable of generating distinct gene expression 

profiles determined by the specific network topologies (Figure 3A). We showed that 594 

expression dynamics are tunable through component expression levels within a given 

circuit topology when there is overlap between upstream and downstream circuit layers 596 

(Figure 2E, 3B). In E. coli, dilution experiments revealed I1-FFL gene expression 

dynamics to be an almost perfect superposition of the dynamics of CRISPRa and an 598 

activation-repression cascade (Figure 6B). This composability is also captured by the 

relatively simple CFS CRISPRa/i model, which only specifies CRISPR complex assembly 600 

and node targeting reactions for each sc/sgRNA (Table S3). Paired with advancements 

in high-throughput component characterization in CFS and state-of-the-art modeling 602 

frameworks (Lehr et al., 2019; Moore et al., 2018; Poole et al., 2020), the CRISPRa/i 

https://www.zotero.org/google-docs/?D6IgkN
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system presents a route towards scalable computer-aided design and implementation of 604 

dynamic gene regulatory networks in CFS. 

Overall, this work establishes a paradigm in which CRISPRa/i system components 606 

can be easily combined to form scalable, dynamic gene regulatory networks in CFS and 

E. coli. The CRISPRa/i system has proven capable of building layered operations and 608 

simultaneously executing multiple regulatory programs without compromising guideRNA-

encoded expression dynamics. The dynamic gene expression profiles arising from 610 

CRISPRa/i regulation are composable, in that network expression dynamics can be 

understood as the aggregate of the constituent components in both CFS and E. coli 612 

(Figure 3B, Figure 6B). These attributes allow rational design of CRISPRa/i circuits to 

tailor expression dynamics of multiple genes independently and simultaneously. We 614 

anticipate broad-ranging applications in engineered bacterial hosts, cell-free systems, 

and the next generation of artificial cells. Specifically, we foresee applications in metabolic 616 

engineering, with feedforward motifs providing time-ordered enzyme expression, and 

tunable delays enabling phenotype switching in multi-phase reactions. For biosensing 618 

applications, the scalable and versatile nature of the CRISPRa/i system will allow 

combinatorial logical responses and complex input-output relationships to be specified, 620 

increasing the ease of connecting sensing to reporting stages. Finally, as synthetic 

biology efforts transition from repurposing natural systems to the bottom-up construction 622 

of fully-artificial cells, the CRISPRa/i system could be a foundational technology capable 

of implementing the complex dynamic control of gene expression observed in nature, 624 

while remaining compact, robust, and engineerable.  
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Figures 
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Figure 1: Combining CRISPRa with CRISPRi expands CRISPR circuit design space 640 
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A. Schematic of CRISPRa/i nodes. Modified guide RNAs (scaffold RNAs, or scRNAs) 

include a 3' MS2 hairpin to recruit a transcriptional activator fused to the MS2 coat 642 

protein (MCP). The expression of scRNAs targeted to an appropriate site upstream of 

the promoter results in CRISPR transcriptional activation (CRISPRa) from the node. 644 

The expression of a small guide RNAs (sgRNAs), which lack the MS2 hairpin, targeted 

to the coding sequence (CDS) results in CRISPR transcriptional repression (CRISPRi) 646 

from the node. 

B. Schematic of CRISPRa/i circuits. CRISPRa/i nodes can be combined to form multi-648 

layer CRISPRa/i networks when the guide RNA output generated by one node directs 

CRISPRa or CRISPRi at one or more other nodes in the network. 650 

C. Schematic presentation of CRISPRa/i genetic components for use in a Cell-Free 

System (CFS). CRISPRa/i system components are encoded on individual plasmids 652 

and assembled into networks by mixing with E. coli-derived CFS. 

D. Time course of CRISPRa in CFS. Left: CRISPRa-directed red fluorescent protein 654 

expression levels (mRFP1) from the J3 promoter are plotted as a function of time and 

J306 scRNA plasmid concentration. Right: Relative CRISPRa-directed RFP 656 

production rates (CRISPRa-directed production rates divided by unregulated 

production rates, Methods 5.1) are plotted as a function of time and J306 scRNA 658 

plasmid concentration. Dashed line represents 2-fold activation compared to the basal 

expression control (0 nM J306 scRNA plasmid). Values represent the mean ± 660 

standard deviation of three technical replicates. 
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E. Time course of CRISPRi in CFS. Left: CRISPRi-directed repression of green 662 

fluorescent protein (sfGFP) expression is plotted as a function of time and SF1 sgRNA 

plasmid concentration. SF1 targets the sfGFP CDS. Right: Relative GFP production 664 

rates are plotted as a function of time and SF1 sgRNA plasmid concentration. Dashed 

line represents 50% repression compared to the basal expression control (0 nM SF1 666 

sgRNA plasmid). Values represent the mean ± standard deviation of three technical 

replicates.  668 
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Figure 2: Level-matching enables construction of multi-layer CRISPRa/i circuits in CFS  
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A. CRISPRa transcriptional input-output response curves. Top: Expression of J306 670 

scRNA (X) directs CRISPRa from the J3 promoter (Y) producing an RFP output.  

Expression of J206 scRNA (Y) directs CRISPRa from the J2 promoter (Z), producing 672 

an RFP output. Bottom: Fold change in transcriptional output is plotted as a function 

of transcriptional input, specified by the scRNA plasmid concentration. Fold change is 674 

calculated as the ratio of RFP expression level at the reaction endpoint in the presence 

versus the absence of scRNA plasmid. Red line indicates a logistic fit to the data. 676 

Bottom Right: Pink and green dashed lines are guides showing the predicted effect 

of 25-fold increases in scRNA transcriptional input generated by CRISPRa in the first 678 

layer on the output of CRISPRa in the second layer of a two-layer activation cascade. 

Values represent the mean ± standard deviation of three technical replicates.  680 

B. Two-layer CRISPRa cascade. Top: Expression of J306 scRNA at node X directs 

CRISPRa from the J3 promoter at node Y. Expression of J206 scRNA from the J3 682 

promoter (Y) directs CRISPRa from the J2 promoter, which expresses mRFP1 (Z). 

Bottom: Scatter plot comparing measured and predicted fold change in cascade 684 

output. The measured fold change in cascade output is calculated as the ratio of 

measured RFP outputs with and without CRISPRa in the first layer of the circuit 686 

(Methods, 5.1), and are presented as the mean ± standard deviation of three technical 

replicates. Predicted cascade fold changes and uncertainties are calculated from the 688 

fits to the scRNA plasmid titrations shown in 2A. Statistical significance of non-zero 

slope was calculated using two-tailed unpaired Welch’s t test. 690 

C. CRISPRa/i transcriptional input-output response curves. Top: Expression of J306 

scRNA (X) directs CRISPRa from the J3 promoter (Y), producing an RFP output.  692 
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Expression of the RR2 sgRNA (Y) directs CRISPRi of mRFP1 (Z). Bottom: Fold 

change in transcriptional output is plotted as a function of transcriptional input, 694 

specified by the scRNA and sgRNA plasmid concentration. Red line indicates a 

logistic fit to the data. Bottom left: Response curve for J306 scRNA presented as in 696 

2A Bottom Right: CRISPRi data are represented as percent expression of a no 

repression control (Methods, 5.1). Pink and green dashed lines show the expected 698 

effect of a 25-fold increase in sgRNA transcription provided by CRISPRa in the first 

layer on the CRISPRi-directed output in the second layer of a two-layer CRISPR 700 

activation-repression cascade. Values represent the mean ± standard deviation of 

three technical replicates. 702 

D. Two-layer CRISPRa/i cascade. Top: Expression of J306 scRNA (X) directs CRISPRa 

from the J3 promoter. RR2 sgRNA expression from the J3 promoter (Y) directs 704 

CRISPRi of mRFP1 (Z). Bottom: Percent of maximum expression is calculated as in 

Fig 2C comparing CRISPRi in one layer (I, light red) to two-layer CRISPR activation-706 

repression cascades (II, dark red) at two different concentrations of sgRNA in the 

second layer. Values represent the mean ± standard deviation of three technical 708 

replicates. Asterisks indicate a statistically significant difference using a two-tailed 

unpaired Welch’s t test (*p-value < 0.05, **p-value < 0.01, ***p-value < 0.001). 710 

E. CRISPRi and CRISPRa/i circuit dynamics. Left: Gene expression over time for RFP 

controlled by CRISPRi and CRISPRa/i cascade at a concentration of plasmid Y that 712 

falls outside the range where input-output levels between the first and second layers 

overlap (no level-matching). Black line represents the scaled relative RFP production 714 

rate due to CRISPRi with 16 nM of plasmid encoding RR2 sgRNA while the red line 
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represents the scaled relative RFP production rate generated when CRISPRa is 716 

applied to the same concentration of sgRNA plasmid. Right: Comparison of CRISPRi 

and CRISPRa/i cascade at a concentration of plasmid Y that permits level-matching 718 

between the first and second layers of the circuit. Black line represents the scaled 

relative RFP production rate generated by CRISPRi with 0.5 nM of plasmid encoding 720 

RR2 sgRNA while the red line represents expression generated when CRISPRa is 

applied to the same concentration of sgRNA plasmid. The dark red line shows the 722 

scaled relative expression generated by CRISPRi with 4 nM of sgRNA plasmid and is 

provided as a point of reference. Data are presented as mean ± standard deviation of 724 

three technical replicates. 

F. Time to 50% repression is plotted against the concentration of sgRNA plasmid for both 726 

CRISPRi (black line) and a CRISPRa/i cascade (red line). Showing that when 

output/input ranges of the first and second layer overlap, multi layer CRISPRa/i circuits 728 

can be used to tune the timing of gene expression. Data are presented as mean ± 

standard deviation of three technical replicates.  730 
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Figure 3: Programming distinct multi-layer CRISPRa/i circuit dynamics in CFS  
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A. Time course for four different CRISPRa/i networks including orthogonal type 1 732 

incoherent feed forward loops (I1-FFL) operating in CFS. Normalized relative RFP 

production rates are plotted as a function of network topology, as indicated. Outputs 734 

are scaled by the respective endpoints to fit on a common axis. Values represent the 

mean ± standard deviation of three technical replicates. 736 

B. Time course for I1-FFL variants shows dependence of output expression dynamics 

on sgRNA concentration. Scaled RFP production rates are plotted as a function of 738 

time for two different RR2 sgRNA plasmid concentrations; 0.1 nM and 1 nM shown in 

yellow and purple respectively. Fits to the illustrated I1-FFL are used to predict 740 

expression dynamics as a function of sgRNA concentration. The model fit to the 

measured 0.1 nM data is shown in black, and the model prediction for expression 742 

dynamics from an I1-FFL with 1 nM sgRNA expressing plasmid is shown in red.  

Yellow and purple triangles along the x-axis denote the time of maximal expression of 744 

the pulse generated by the I1-FFL. Values represent the mean ± standard deviation 

of three technical replicates. 746 

C. Shift in time of the I1-FFL expression maxima depends on sgRNA plasmid 

concentration, which controls the strength of the CRISPRi connection between nodes 748 

Y and Z. The time at which the maximum output rate is achieved (tmax) is plotted as a 

function of RR2 sgRNA plasmid concentration, which is expressed from node Y and 750 

acts on node Z.  
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Figure 4: Level-matching of CRISPRa cascades in E. coli  752 

A. Schematic of CRISPRa genetic components and assembly to form CRISPRa 

circuits in E. coli. Circuits are assembled by transformation of different 754 

combinations of plasmids into E. coli. Activator, dCas9, and scRNAs in the first 

layer of a circuit are expressed from a p15A plasmid while reporters and scRNAs 756 
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in the second layer of a circuit are expressed from a pSC101** origin of replication 

plasmid. Data are collected in E. coli MG1655 grown overnight at 37 °C with 758 

shaking in EZ MOPS with 0.2% glucose and appropriate antibiotic selection. 

B.  Top: schematic of CRISPRa cascade. Tuning actions are applied by changing 760 

expression characteristics of the activatable promoter in the second layer of the 

circuit. Bottom: CRISPRa on the J2 promoter is compared to the output at node 762 

Z of the activation cascade with (red bars) and without (grey bars) input provided 

by node X. Y output denotes the expression levels obtained at node Y in the 764 

presence and absence of input activation from X for the tuning variant provided by 

Y promoter. Data are represented as mean ± standard deviation of RFP/OD600. 766 

Asterisks indicate a statistically significant difference using a two-tailed unpaired 

Welch’s t test (*p-value < 0.05, **p-value < 0.01, ***p-value < 0.001). 768 
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Figure 5: Level-matching of CRISPRa/i cascades in E. coli with titratable input 770 

A. Schematic of CRISPRa/i genetic components and assembly to form CRISPRa/i 

circuits in E. coli. Circuits are assembled by transformation of different 772 

combinations of plasmids into E. coli. Activator, dCas9, and scRNAs in the first 

layer of a circuit are expressed from a p15A plasmid while reporters, and 774 
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sc/sgRNAs in the second layer of a circuit are expressed from a pSC101** origin 

of replication plasmid. Inducible CRISPRa/i data are collected in E. coli MG1655 776 

grown O/N, diluted 1:40, grown for 3 hours, and diluted 1:40 into inducing media, 

all at 37 °C with shaking in EZ MOPS with 0.2% glucose and appropriate antibiotic 778 

selection. 

B. Dependence of CRISPRa on aTc-induced MCP-SoxS expression. Left: Circuit 780 

schematic showing how inducible CRISPRa is provided by pTet controlled 

expression of MCP-SoxS activator. For both constitutive and inducible CRISPRa, 782 

J306 scRNA directs dCas9 to the J3 promoter. Constitutive CRISPRa is compared 

with on/off target scRNA while inducible CRISPRa is compared ± inducer with on-784 

target scRNA. Center: mRFP1 output of aTc-inducible CRISPRa ± aTc is 

compared to constitutive CRISPRa with on/off-target scRNA. Data are represented 786 

as mean of measured RFP/OD600 ± standard deviation of three biological 

replicates. Right: aTc induction of activator protein provides titratable levels of 788 

activation. Data are represented as the mean ± standard deviation of measured 

RFP fluorescence/OD600 for three biological replicates. Asterisks indicate a 790 

statistically significant difference using a two-tailed unpaired Welch’s t test (*p-

value < 0.05, **p-value < 0.01, ***p-value < 0.001).  792 

C. Two-layer CRISPRa/i cascade output dependence on promoter and sgRNA. Top: 

schematic of aTc-inducible CRISPRa activating expression of sgRNA targeting 794 

mRFP1 for CRISPRi. Level-matching is achieved through engineering basal 

expression characteristics of the activatable promoter driving sgRNA expression 796 

as well as through modifications of sgRNA activity via 5’ sgRNA truncations that 
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reduce sgRNA spacer-target DNA complementary from 20 to 14 nucleotides.  798 

Bottom: CRISPRi response to increasing levels of activation of the promoter 

driving sgRNA expression for three different tunings. On-target sgRNA is plotted 800 

in red while off-target sgRNA is plotted in grey. Data are represented as mean 

RFP/OD600 ± standard deviation. Calculations for Span and Output Dynamic range 802 

(O-DR) can be found in Methods 5.2. Asterisks indicate a statistically significant 

difference using a two-tailed unpaired Welch’s t test (*p-value < 0.05, **p-804 

value < 0.01, ***p-value < 0.001).   
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Figure 6: Tunable and composable dynamic CRISPRa/i circuits in E. coli 806 
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A. Fold-change detection behavior in I1-FFL CRISPRa/i circuits. Top: circuit schematic 

of CRISPRa/i incoherent type 1 feed forward loop (I1-FFL) implemented in E. coli. 808 

Here tuning of repression by node Y is achieved by changes to the transcriptional 

properties of the promoter at node Y or through modifications to the sgRNA expressed 810 

at node Y. aTc induction of MCP-SoxS activator serves as a titratable input to the 

system. At right, a graphical definition of fold-change detection: the same fold-change 812 

in input “X” produces the same change in output “Y”. Bottom: aTc response for 9 

combinations of network topology and sgRNA tuning showing that connectivity 814 

between nodes and tuning specifies input/output relationship of complex CRISPRa/i 

circuits. Network topologies are indicated along the top while tuning variants are 816 

represented along the left. Greyed out arrow in CRISPRa+i indicates on-target sgRNA 

from an unactivated promoter. I1-FFLs must have specific component relationships to 818 

achieve fold-change detection seen here as logarithmic input/output response curves. 

Data are represented as the mean of measured RFP/OD600 ± standard deviation of 820 

three biological replicates. Data for off-target sgRNA is the same in all three plots and 

is collected in the J2 context (bottom left). Statistical significance was assessed by 822 

calculating the relative likelihood (RL) of the log fit best describing the data as 

compared to the linear fit, Methods 5.  824 

B. CRISPRa/i circuit expression dynamics were measured in a continuous dilution 

experiment. Left: schematic of continuous dilution experimental design and 826 

procedure. Right: Expression dynamics of CRISPRa, CRISPRa/i cascade, and an I-

1FFL tuned for fold-change detection are compared. Data are presented as relative 828 

RFP/OD600 ± standard deviation of three biological replicates (Methods, 5.2). For 
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CRISPRa and the IFFL, RFP is expressed from the standard J3 reporter with a 830 

BBa_J23117 minimal promoter while for the CRISPRa/i cascade the strong minimal 

promoter BBa_J23119 is used to enable observation of inhibition in this assay. 832 

Relative RFP/OD600 scales data to the respective output response ranges to place 

them on a common scale for comparison of output expression dynamics.   834 
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STAR Methods 

Resource Availability 836 

Lead Contact: 

Further information and requests for resources and reagents should be directed to and 838 

will be fulfilled by the Lead Contact, James M. Carothers (jcaroth@uw.edu). 

Materials Availability:  840 

Plasmids generated in this study have been deposited at Addgene 

(https://www.addgene.org/plasmids/articles/28222993/). 842 

Data and Code Availability:  

● All CFS and E. coli data have been deposited at 844 

https://github.com/carothersresearch/CRISPRai_Circuits_2021 and are publicly 

available as of the date of publication. DOIs are listed in the key resources table. 846 

● All models and scripts used in this work have been deposited at  

https://github.com/carothersresearch/CRISPRai_Circuits_2021 and are publicly 848 

available as of the date of publication.DOIs are listed in the key resources table. 

● Any additional information required to reanalyze the data reported in this paper is 850 

available from the lead contact upon request. 

Method Details 852 

Plasmid Design and Preparation 

Plasmid design and sequencing analyses were performed using Benchling sequence 854 

designer. All PCR amplification of plasmids and fragments used Phusion DNA 

polymerase in GC buffer. Primers were synthesized by IDT and resuspended into 856 

nuclease-free water. All PCR reactions were treated with DpnI for longer than 1 hour and 

https://github.com/carothersresearch/CRISPRai_Circuits_2021
https://github.com/carothersresearch/CRISPRai_Circuits_2021
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purified using Qiagen gel extraction kits. Plasmid assembly was achieved using 5X In-858 

Fusion HD mastermix (Takara). Assembled plasmids were transformed into chemically 

competent NEB Turbo E. coli and plated onto LB-agar plates with either 100 μg/mL 860 

carbenicillin or 25 μg/mL chloramphenicol and grown overnight ~16 hours at 37 °C. Single 

colonies were picked from plates and grown overnight in LB shaking at 37 °C with 862 

appropriate concentrations of relevant antibiotics. Plasmids were isolated from 

subcultures using a DNA miniprep kit (QIAprep Spin Miniprep Kit) and Sanger sequenced 864 

(Genewiz inc.) to identify correctly assembled plasmids. Plasmids intended for use in CFS 

were grown in culture volumes ~20 mL to ensure adequate yields for multiple cell-free 866 

reactions. Plasmids intended for cell-free expression were further purified using a PCR 

purification kit (Invitrogen PureLink, Cat. K310001), eluted into nuclease-free water. 868 

Plasmid concentrations were quantified via spectrophotometry (Nanodrop 2000c, Cat. 

ND-2000C). 870 

Cell-Free System Preparation 

The cell-free system was prepared according to previously published procedures 872 

(Garamella et al., 2016; Sun et al., 2013). 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 874 

using a mini benchtop centrifuge to ensure homogeneity across samples. 

Cell-Free Gene Expression Reaction 876 

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 878 

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

added in the remaining 1 μL. The CFS was pipette mixed and added to each PCR tube 880 

https://www.zotero.org/google-docs/?w4ZoR6
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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 882 

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 884 

29 °C. sfGFP fluorescence (ex. 485 nm, em. 528 nm) and mRFP1 fluorescence (ex. 540 

nm, em. 600 nm) of cell free reactions were measured every 10 min from the bottom of 886 

the plate. All reactions were run in batch mode. 

E. coli Experiments 888 

Circuits were assembled in E. coli through transformation of plasmid pairs. In all E. coli 

experiments CRISPRa system components (dCas9, MCP-SoxS, input sc/sgRNAs) are 890 

located on a p15A ori  (copy number ~10 ) plasmid while sc/sgRNAs forming the second 

layer of a circuit were cloned into the reporter plasmid with a pSC101** ori (copy number 892 

~5) due to the size difference between vectors. The p15A plasmid used in constitutive 

CRISPRa experiments was pCK085. aTc-inducible CRISPRa experiments use pJF182 894 

in which pTet controls expression of TetR and MCP-SoxS. Plate reader measurements 

were conducted using a BioTek Synergy HTX with a black flat bottom plate (Ref# 3631) 896 

using 100 μL of culture. 

Constitutive CRISPRa experiments: 898 

Endpoint CRISPRa experiments are conducted using constitutive expression of all 

CRISPRa components (pCK085). Circuits were assembled by transformation of 900 

CRISPRa and reporter plasmids into chemically competent MG1655 E. coli. Transformed 

E. coli were outgrown for 1 hour shaking at 37 °C and plated onto LB-agar with 902 

carbenicillin and chloramphenicol. Plates were grown overnight at 37 °C. Experiments 
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were conducted by picking three individual colonies into 400 μL Teknova EZ-RDM with 904 

0.2% glucose and appropriate antibiotics in 96 well plates (round 2 ml), covering with 

breathable membrane (Breathe Easier cat# Z763624) and shaking overnight at 37 °C at 906 

1200 RPM on a Heidolph titramax 1000.  

aTc-inducible CRISPRa experiments 908 

For inducible CRISPRa experiments expression of activator protein MCP-SoxS was 

controlled by pTet. Upon addition of aTc (anhydrotetracycline) to media, pTet becomes 910 

de-repressed which enables titratable expression of MCP-SoxS activator. As above, 

circuits are assembled by transformation of CRISPRa and reporter plasmids into 912 

chemically competent MG1655 E. coli. Transformed E. coli were outgrown for 1 hour 

shaking at 37 °C and plated onto LB-agar with carbenicillin and chloramphenicol. Plates 914 

were grown overnight at 37 °C. Experiments were conducted by picking three individual 

colonies into 400 uL EZ-RDM with 0.2% glucose and appropriate antibiotics in 96 well 916 

plates (2ml). Cultures are covered with breathable membrane and left shaking overnight 

at 37 °C at 1200 RPM on a Heidolph titramax 1000. Overnight cultures are subsequently 918 

diluted 1:40 into a fresh plate of EZ-RDM and incubated at 37 °C shaking at 1200 RPM. 

Before exiting exponential phase (~3 hours) cultures are diluted 1:40 into a fresh plate of 920 

EZ-RDM and supplemented with appropriate concentrations of aTc. These cultures are 

again covered with a breathable membrane, incubated in the dark at 37 °C shaking at 922 

1200 RPM, and grown overnight ~18 hours. Measurements are conducted in Costar 96 

well black flat bottom plates in 100 uL culture volume. 924 
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Continuous dilution E. coli experiments 

Strains used in continuous dilution experiments were constructed as above through 926 

double transformation with appropriate selection on plates. For CRISPRa and I1-FFL 

experiments MG1655 was used while for CRISPRa/i cascades, MG1655 with an 928 

integrated reporter (J23119-RFP) was used (Fontana et al., 2018b). Throughout the 

experiment all steps including liquid handling were conducted at 37 °C. Individual colonies 930 

were picked and grown overnight in 500 μL of LB with appropriate antibiotics shaking at 

1200 RPM in a 96 well deep well plate. In the morning cultures were diluted 1:50 into RZ-932 

RDM with 0.2% glucose and grown as before for one hour at a total volume of 300 μl. At 

one hour, 100 μL of culture was removed and measured while 100 μL fresh pre-warmed 934 

media was added to each culture. This process was repeated every 20 minutes until 

OD600 stabilized, usually within ~1-2 hours. Once ODs stabilized, aTc inducer was added 936 

to cultures to a final concentration of 50 nM. Every 20 minutes for the remainder of the 

experiment (~8 hours), 100 μL culture was removed and measured, while the culture was 938 

resupplied with 100 μL pre-warmed inducing media.  

https://www.zotero.org/google-docs/?xvsYUP
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CFS CRISPRa/i Modeling 940 

The CFS CRISPRa/i model was defined as a series of first order chemical reactions for 

protein and guide RNA production, CRISPR complex assembly, and DNA targeting. The 942 

model was implemented using the text-based model definition language Antimony for 

Python 3.7 (Table S3). Here we also present the underlying system of differential 944 

equations governing the model. 

The general CRISPRa/i model is based on the different transcriptional states a CRISPRa/i 946 

node can take. At the DNA level, each node 𝐷𝑖  can either be unregulated, activated by 

CRISPRa (𝐷𝑖
𝐴), or repressed by CIRSPRi (𝐷𝑖

𝑅). We differentiate between two different 948 

repression states based on whether CRISPRa is also bound. The ODEs defining the 

change in concentration over time between node states are therefore: 950 

𝑑𝐷𝑖

𝑑𝑡
= −𝑘𝑜𝑛[𝐶𝑖

𝐴 ∙ 𝐷𝑖 + 𝐶𝑖
𝑅 ∙ 𝐷𝑖  ]  

𝑑𝐷𝑖
𝐴

𝑑𝑡
= 𝑘𝑜𝑛[𝐶𝑖

𝐴 ∙ 𝐷𝑖 − 𝐶𝑖
𝑅 ∙ 𝐷𝑖

𝐴 ]  952 

𝑑𝐷𝑖
𝑅

𝑑𝑡
=

𝑑𝐷𝑖
𝑅1

𝑑𝑡
+

𝑑𝐷𝑖
𝑅2

𝑑𝑡
= 𝑘𝑜𝑛[𝐶𝑖

𝑅 ∙ 𝐷𝑖 − 𝐶𝑖
𝐴 ∙ 𝐷𝑖

𝑅1 ] + 𝑘𝑜𝑛[𝐶𝑖
𝑅 ∙ 𝐷𝑖

𝐴 + 𝐶𝑖
𝐴 ∙ 𝐷𝑖

𝑅1 ]

= 𝑘𝑜𝑛 ∙ 𝐶𝑖
𝑅[𝐷𝑖 + 𝐷𝑖

𝐴 ]  954 

Where 𝐶𝑖
𝐴 and 𝐶𝑖

𝑅 represent the concentration of free CRISPRa and CRISPRi complexes 

targeting node 𝑖, respectively, and 𝑘𝑜𝑛 is the rate of association to the DNA, assuming a 956 

one-step irreversible reaction. 

The concentration of free CRISPR complexes is determined by the association rate of the 958 

different components (dCas9 𝐶, scRNA 𝐺𝑖
𝐴, and MCP-SoxS 𝑆 for CRISPRa; dCas9 𝐶 and 
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sgRNA 𝐺𝑖
𝑅 for CRISPRi) as well as the rate at which they bind to the respective targets, 960 

namely: 

𝑑𝐶𝑖
𝐴

𝑑𝑡
= 𝑘𝐴 ∙ 𝐶 ∙ 𝐺𝑖

𝐴 ∙ 𝑆 − 𝑘𝑜𝑛 ∙ 𝐶𝑖
𝐴[𝐷𝑖 + 𝐷𝑖

𝑅1 ] = Κ𝐴 − 𝑘𝑜𝑛 ∙ 𝐶𝑖
𝐴[𝐷𝑖 + 𝐷𝑖

𝑅1 ] 962 

𝑑𝐶𝑖
𝑅

𝑑𝑡
= 𝑘𝑅 ∙ 𝐶 ∙ 𝐺𝑖

𝑅 − 𝑘𝑜𝑛 ∙ 𝐶𝑖
𝑅[𝐷𝑖 + 𝐷𝑖

𝐴 ] = Κ𝑅 − 𝑘𝑜𝑛 ∙ 𝐶𝑖
𝑅[𝐷𝑖 + 𝐷𝑖

𝐴 ] 

The concentration of the different protein and RNA species is based on their expression 964 

and interactions with other components. For simplicity, here protein transcription and 

translation are lumped.  966 

𝑑𝑃𝑖
𝑜𝑓𝑓

𝑑𝑡
= 𝑘𝑇 ∙ 𝐷𝑖 + 𝑘𝑇𝐴 ∙ 𝐷𝑖

𝐴 − 𝑘𝑀 ∙ 𝑃𝑖
𝑜𝑓𝑓

− Γ,    Γ =  {

Κ𝐴 + Κ𝑅 ,   𝑖𝑓   𝑃𝑖 = 𝐶

    Κ𝐴,        𝑖𝑓   𝑃𝑖 = 𝑆

     ∅,        𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

𝑑𝑃𝑖

𝑑𝑡
= 𝑘𝑀 ∙ 𝑃𝑖

𝑜𝑓𝑓
;     968 

𝑑𝑅𝑖

𝑑𝑡
= 𝑘𝑇 ∙ 𝐷𝑖 + 𝑘𝑇𝐴 ∙ 𝐷𝑖

𝐴 − 𝑘𝐷 ∙ 𝑅𝑖 − Υ,    Υ =  {
 Κ𝐴,      𝑖𝑓   𝑅𝑖 = 𝐺𝑖

𝐴

 Κ𝑅 ,      𝑖𝑓   𝑅𝑖 = 𝐺𝑖
𝑅
 

Parameters were generated from log-uniform distributions spanning 4 orders of 970 

magnitude based around literature values or best estimates. Models with different 

parameters were evaluated using Tellurium (Choi et al., 2018; Medley et al., 2018), and 972 

the model outputs were processed in the same manner as the experimental data. The 

processed outputs were then fit to scaled RFP production rates of experimental data by 974 

minimizing the cumulative point‑wise squared error using the Nelder-Mead simplex 

algorithm. 976 

https://www.zotero.org/google-docs/?lOJv6K
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Quantification and Statistical Analysis 

Cell-free data analysis 978 

Production Rate: 

Throughout this work, we define production rate as: 980 

𝐵̇𝛼(𝑡) =  
𝑑𝐵𝛼

𝑑𝑡
=

𝐵𝛼(𝑡 + 30) − 𝐵𝛼(𝑡)

30
 

where: 982 

 B is the measured quantity: RFP or GFP 

 𝛼 specifies the circuit topology and relevant plasmid concentrations  984 

 

Relative Production Rates: 986 

Relative production rates of CRISPRa mediated outputs were calculated as the ratio of 

CRISPRa mediated production rates divided by unregulated production rates. For 988 

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 990 

mediated gene expression from the comparatively early contribution of basal expression, 

and to allow observation of CRISPRa mediated gene expression dynamics under 992 

conditions where basal expression of reporter constructs dominates. Throughout this 

work, relative production rates are abbreviated as Rel. RFP Prod. Rate, or Rel. GFP Prod. 994 

Rate, and are calculated as:  
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𝐵̇𝛤
𝛼(𝑡) =

𝐵̇𝛼(𝑡) − 𝐵̇𝛤(𝑡)

𝐵̇𝛤(𝑡)
 996 

where: 

 𝛼 is a specific CRISPRa/i circuit 998 

𝛤 is constitutive expression   

 1000 

For CRISPRi mediated relative production rates there is no subtraction of basal 

expression and relative production rates are provided as: 1002 

𝐵̇𝛤
𝛼(𝑡) =

𝐵̇𝛼(𝑡)

𝐵̇𝛤(𝑡)
 

Fold change in cascade output: 1004 

In Figure 2B, fold change in cascade output was calculated as the ratio of RFP values 

generated by the CRISPRa cascade compared to CRISPRa in a single layer with the 1006 

same concentration of scRNA expressing plasmid Y. 

𝐹𝐶𝛽
𝛼(y) =

𝐵𝛼(𝑡 = 𝑡max) 𝐵𝛤(𝑡 = 𝑡max)⁄

𝐵𝛽(𝑡 = 𝑡max) 𝐵𝛤(𝑡 = 𝑡max)⁄
=  

𝐵𝛼(𝑡 = 𝑡max)

𝐵𝛽(𝑡 = 𝑡max) 
 1008 

where: 

 B is measured RFP 1010 

 𝛼 is CRISPRa cascade, with y nM scRNA Y 
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𝛽 is CRISPRa, with y nM scRNA Y 1012 

tmax is the endpoint time of the cell free reaction 

 1014 

Predicted fold change in cascade output: 

Predicted fold change in cascade output plotted in Figure 2B was generated using the 1016 

fits to scRNA titration curves provided in 2A (red line). Predicted fold changes provided 

by CRISPRa at a given concentration of scRNA expressing plasmid y are denoted: 1018 

𝐹𝐶̂𝛤
𝛼(𝑦). In this experiment, CRISPRa in the first layer of the cascade (2A, left) 

generated by x nM of scRNA at node X is expected to direct a 24-fold increase in 1020 

transcription from the target. Thus, for a given concentration of scRNA expressing 

plasmid y at node Y in the second layer of the cascade, predicted fold change in 1022 

cascade output is calculated as the ratio of fold changes predicted by the fit in the right 

panel of 2A at a scRNA concentration of 24y, and 1y.  1024 

𝐹𝐶̂𝛽
𝛼(𝑦) = 

𝐹𝐶̂𝛤
𝛼(24𝑦) 

𝐹𝐶𝛤
𝛼(𝑦) 

 

where: 1026 

  is CRISPRa cascade, with y nM scRNA Y 

 is CRISPRa, with y nM scRNA Y 1028 

 

Normalized Z output: 1030 
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In Figure 2C&D normalized Z output is defined as the percent expression provided by 

CRISPRi or a CRISPRa/i cascade compared to an unregulated, constitutive expression 1032 

control. 

𝑛𝐵𝛤
𝛼(𝑦) = 100 ∙

𝐵𝛼(𝑡 = 𝑡max)

𝐵𝛤(𝑡 = 𝑡max)
 1034 

where: 

B is measured RFP 1036 

𝛼 is CRISPRi or a CRISPRa/i cascade with y nM sgRNA plasmid at node Y 

 1038 

Scaled relative production rates: 

In Figure 2E relative production rates were scaled by the observed production rate of 1040 

the reaction at 40 mins to place curves on a common scale before the maturation of 

dCas9 and the onset of CRISPRa/i control. 1042 

𝑠𝐵̇𝛤
𝛼(𝑡) =

𝐵̇𝛤
𝛼(𝑡)

𝐵̇𝛤
𝛼(𝑡 = 40)

 

where: 1044 

𝐵̇𝛤
𝛼 is relative RFP production rate 

  is CRISPRi or CRISPRa/i cascade with y nM sgRNA plasmid at node Y 1046 

 



190 

 

Time to 50% repression: 1048 

Time to 50% repression in Figure 2F and S4 was defined as the time at which relative 

production rates due to CRISPRa/i control first reached 50% of the initial 50 min value 1050 

i.e., before maturation of dCas9 and the onset of CRISPRi.  

𝑡 = 𝑡50%  𝑤ℎ𝑒𝑛  
𝐵̇𝛤

𝛼(𝑡)

𝐵̇𝛤
𝛼(𝑡 = 50)

≥ .5 1052 

where: 

𝐵̇𝛤
𝛼 is relative RFP production rate 1054 

 is CRISPRi, or CRISPRa/i cascade with y nM sgRNA plasmid at node Y 

 1056 

Normalized relative RFP production rates: 

In figure 3A relative RFP production rates are scaled by their respective endpoints to 1058 

place curves on a common scale: 

𝑛𝐵̇𝛤
𝛼(𝑡) =

𝐵̇𝛤
𝛼(𝑡)

𝐵𝛼(𝑡 = 𝑡max)
 1060 

where: 

B is measured RFP 1062 

𝐵̇𝛤
𝛼 is relative RFP production rate 

 is CRISPRa, CRISPRa+i, or an I1-FFL 1064 
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Scaled RFP Production Rate: 1066 

In Figure 3B RFP production rates were scaled by their respective maxima, placing both 

curves on a common scale, allowing comparison of time dynamics. 1068 

𝑠𝐵̇𝛼(𝑡) =
𝐵̇𝛼(𝑡)

max (𝐵̇𝛼(𝑡))
 

where: 1070 

𝐵̇(𝑡) is RFP production rate 

 is an I1-FFL with y = .1 nM or y = 1 nM sgRNA plasmid at node Y 1072 

 

Percent signal propagated by CRISPRa cascade: 1074 

The percent signal propagated by the CRISPRa cascade in CFS was calculated as the 

fold change in cascade output ± input divided by the fold change provided by CRISPRa 1076 

in the input layer. 

𝑆𝑃(𝑦) =  100 ∙
𝐹𝐶𝛽1

𝛼1(y )

𝐹𝐶Γ
𝛽2(y )

 1078 

where: 

1 is CRISPRa cascade with y nM of scRNA at node Y 1080 

1 is CRISPRa with y nM of scRNA at node Y 
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2 is CRISPRa with x nM of scRNA at node X 1082 

 

Time to 2x activation: 1084 

Time to 2-fold activation was defined as the time at which relative production rates are 

expected to first exceed 1, i.e., when CRISPRa mediated production rates first achieve 1086 

twice that of unregulated expression. Time to 2-fold activation was calculated as the 

mean ± standard deviation from linear fits to relative RFP production rates for three 1088 

technical replicates. Linear fits were calculated over a 1 hour interval between 80 and 

160 mins corresponding to the initial linear increase in relative RFP production rates 1090 

provided by CRISPRa. 

𝑡 = 𝑡2𝑥  𝑤ℎ𝑒𝑛  𝐵̇𝛤
𝛼(𝑡) ≥  1.0 1092 

where: 

𝐵(𝑡)̇  is relative RFP production rate 1094 

 is CRISPRa with x nM scRNA at node X 

 1096 

Time to half maximal expression: 

In figure S5B, time to half maximal expression was calculated differently for CRISPRa 1098 

and CRISPRi. For CRISPRa the contribution due to unregulated basal expression was 

subtracted from measured RFP levels due to CRISPRa. This was done to isolate the 1100 
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timing of CRISPRa mediated gene expression from the comparatively early contribution 

of leak, and to allow observation of CRISPRa mediated gene expression dynamics under 1102 

conditions where basal expression of reporter constructs dominates.  The time to half 

max is denoted as t1/2.  1104 

For CRISPRa this was defined as the first time point at which 

𝑡 = 𝑡1
2⁄ 𝑤ℎ𝑒𝑛 

𝐵𝛼(𝑡) − 𝐵𝛤(𝑡)

 𝐵𝛼(𝑡 = 𝑡max) − 𝐵𝛤(𝑡 = 𝑡max)
≥  .5 1106 

where: 

B is measured RFP 1108 

 is CRISPRa with x nM scRNA at node X 

For CRISPRi there was no subtraction of basal expression thus time to half maximal 1110 

expression for CRISPRi is given by the first time point at which 

𝑡 = 𝑡1
2⁄  𝑤ℎ𝑒𝑛  

𝐵𝛼(𝑡)

𝐵𝛼(𝑡 = 𝑡max)
≥  .5 1112 

where: 

B is measured RFP 1114 

 is CRISPRi with x nM scRNA at node X 

 1116 
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Relative fold change: 

In Figure S12, the gene expression dynamics of CRISPRa and a CRISPRa cascade are 1118 

compared to visualize the speed of signal propagation in multi-layer CRISPR circuits. For 

these data, fold change is a function of time: 1120 

𝑟𝐹𝐶Γ
𝛼(𝑡, 𝑦) =  

𝐹𝐶𝛤
𝛼(𝑡, 𝑦)

𝐹𝐶𝛤
𝛼(𝑡 = 𝑡max, 𝑦) 

 

where: 1122 

B is measured RFP 

 is CRISPRa or CRISPRa cascade with y nM scRNA plasmid at node Y 1124 

y is the concentration of scRNA expressing plasmid in the final layer of the circuit 

 1126 

Normalized fluorescence 

In figure S7, RFP and GFP fluorescence were normalized by the response range for each 1128 

fluorescent protein to lie on a common scale between 0 and 1. 

𝑛𝑩 =
𝑩(𝑡 = 𝑡max) − min (𝑩(𝑡 = 𝑡max))

max (𝑩(𝑡 = 𝑡max)) − min (𝑩(𝑡 = 𝑡max))
 1130 

where:  

𝑩 is a vector containing average RFP or GFP fluorescence for all tested 1132 

conditions (CRISPRa, CRISPRa+i, I1-FFL, orthogonal I1-FFLs) 
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 1134 

Number of possible network topologies 

The number of possible network topologies presented in Figure S1 was calculated as: 1136 

𝑇(𝑀, 𝑁) = (𝑀 + 1) ∙ (𝑁 ∙ (𝑁 − 1)) 

where: 1138 

M is the number of modes of regulation 

M = 1 for CRISPRi alone  1140 

M = 2 for both CRISPRa and CRISPRi together 

N is the number of nodes in the network 1142 

 

 1144 

 

E. coli data analysis 1146 

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

OD600. Data are plotted as the mean RFP/OD600 ± standard deviation of three biological 1148 

replicates with appropriate propagation of uncertainties. 

Span: 1150 
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In Figure 5C span was calculated in percent as the range of RFP expression values 

provided by CRISPRa/i cascades (0, 200nM aTc) divided by RFP expression levels 1152 

obtained in the presence of off-target sgRNA. 

𝑆 =  
𝐵𝛼1 − 𝐵𝛼2

𝐵𝛽1
 1154 

where: 

B is RFP/OD600 measured at endpoint 1156 

α1 is CRISPRa/i cascade with 0 nM aTc induction 

α2 is CRISPRa/i cascade with 200 nM aTc induction 1158 

β1 is CRISPRa/I cascade with off target sgRNA 

 1160 

Output dynamic range: 

Output dynamic range was calculated as the ratio of measured CRISPRa/i cascade RFP 1162 

outputs at 0nM aTc and 200nM aTc. The inverse quantity was used for I1-FFL output 

dynamic range. 1164 

O-𝐷𝑅 =  
𝐵𝛼1

𝐵𝛼2
 

where: 1166 

B is RFP/OD600 measured at endpoint 
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α1 is CRISPRa/i cascade with 0 nM aTc induction 1168 

α2 is CRISPRa/i cascade with 200 nM aTc induction 

 1170 

Relative RFP/OD600: 

Relative RFP/OD600 presented in Figure 6B was calculated from raw RFP/OD600 data by 1172 

subtraction of the minimum observed RFP/OD600 value post induction, and scaling 

outputs by their maximum observed values to place all curves on a scale between zero 1174 

and one. 

𝑟𝐵(𝑡) =  
𝐵(𝑡) − min (𝐵(𝑡 > 𝑡0))

max (𝐵(𝑡 > 𝑡0))
 1176 

where: 

B is RFP/OD600 measured at endpoint 1178 

α is CRISPRa, CRISPRa/i cascade, or I1-FFl with 50 nM aTc induction 

t0 is the time at which aTc is added to the culture 1180 

 

Leak: 1182 

In Figure S10 leak was calculated as the percent reduction of measured CRISPRa RFP 

levels at 200nM aTc induction, due to unactivated sgRNA expression. 1184 
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𝐿 = 100 ∙
𝐵 − 𝐵𝛽

𝐵
 

where: 1186 

B is RFP/OD600 measured at endpoint 

α is CRISPRa at 200 nM aTc 1188 

β is CRISPRa+i at 200 nM aTc 

 1190 

Output Range Compression: 

Output range compression was defined as the output range of a CRISPRa/i circuit divided 1192 

by the accessible output range. Here, output range of a CRISPRa/i cascade was defined 

as:  1194 

𝑂𝑅 =  𝐵𝛼1 − 𝐵𝛼2 

While output range of CRISPRa was defined as: 1196 

𝑂𝑅 =  𝐵𝛼2 − 𝐵𝛼1 

In a CRISPRa/i cascade, the accessible output range was calculated as the measured 1198 

fluorescence provided by the CRISPRa/i cascade with an off target sgRNA 

𝐴 = 𝐵𝛽1 1200 
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For I1-FFLs, the accessible output range was defined as the output range of the 

corresponding circuit with an off-target sgRNA, at 200 nM aTc and 0 nM aTc 1202 

𝐴 = 𝐵𝛽2 −  𝐵𝛽1 

While for CRISPRa+i, the accessible output range was defined as the output range with 1204 

an off-target scRNA directing CRISPRa to activate sgRNA expression, at 200 nM aTc 

and 0 nM aTc 1206 

𝐴 = 𝐵𝛽2 −  𝐵𝛽1 

Thus, output range compression of CRISPRa/i cascades was defined in percent as: 1208 

𝑂𝑅𝐶 = 100 ∙ (1 −
𝑂𝑅

𝐴
) = 100 ∙ (1 −

𝐵𝛼1 − 𝐵𝛼2

𝐵𝛽1
)  

While output range compression of CRISPRa+I was defined as: 1210 

𝑂𝑅𝐶 = 100 ∙ (1 −
𝑂𝑅

𝐴
) = 100 ∙ (1 −

𝐵𝛼2 − 𝐵𝛼1

𝐵𝛽2 − 𝐵𝛽1
)  

where: 1212 

B is RFP/OD600 measured at endpoint 

1 is CRISPRa+i, at 0 nM aTc 1214 

2 is CRISPRa+i, at 200 nM aTc 

1 is CRISPRa+i, with off-target sgRNA at 0 nM aTc 1216 

2 is CRISPRa+i, with off-target sgRNA at 200 nM aTc 
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 1218 

Percent CRISPRa induction: 

Percent CRISPRa induction presented in Figure S11 was calculated by dividing 1220 

measured RFP values obtained from CRISPRa by the measured RFP value provided by 

CRISPRa at maximal, saturating levels of aTc induction (200nM). 1222 

%𝐼(𝑥) = 100 ∙
𝐵𝛼1

𝐵𝛼2
  

where: 1224 

B is RFP/OD600 measured at endpoint 

α1 is CRISPRa at x nM aTc 1226 

α2 is CRISPRa at 200 nM aTc 

 1228 

 

Statistics 1230 

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

comparing two different models (Figure 6A, S13), statistical significance was assessed 1232 

by calculating the relative likelihood (RL) between a logarithmic model and a linear model, 
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based on the Akaike Information Criterion with small sample correction for each model 1234 

(Akaike, 1974; Burnham and Anderson, 2002; Cavanaugh, 1997): 

where n denotes the sample size, k denotes the number of parameters, Res the residuals, 1236 

and M1 and M2 correspond to the linear and logarithmic models, respectively. Here the 

use of the AICc provides a second order estimation of information loss for each model. In 1238 

addition to goodness of fit, the AICc takes into account the underlying model complexity 

and the size of the data set to penalize overfitting. For a given dataset, the model which 1240 

minimizes the AICc can be said to minimize information loss. Within this paradigm, the 

relative likelihood is interpreted as the probability that M2 minimizes information loss as 1242 

compared to M1. 

  1244 

https://www.zotero.org/google-docs/?B6phXO
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Significance statement 

Engineered gene regulatory networks in cell-free systems hold great promise for 36 

investigating the limits of biological information processing and for developing next-

generation biosensing and bioproduction platforms. We address the challenge of 38 

engineering gene regulatory networks with dynamically-specified expression levels at 

many different targets. The work described here enables new classes of deep, wide, and 40 

multi-input CRISPR-based gene regulatory networks with complexities approaching 

those found in nature.  42 
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Abstract 50 

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

CRISPR-based genetic circuits hold great promise for building gene regulatory networks 52 

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, 54 

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

networks. By integrating sequence-based design and in-vivo high-throughput screening, 56 

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 58 

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-60 

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

range promoters enable conditional CRISPRa systems mediated by small molecules and 62 

protein-protein interactions. We apply these tools to build input-responsive CRISPRa/i 

gene regulatory networks, including feedback loops, logic gates, multi-layer cascades, 64 

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 66 

regulatory functions in cell-free systems. 

 68 
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Introduction 70 

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

sense diverse environmental cues and respond to them through the coordinated 72 

expression of multiple genes [1]–[3]. Cell-free systems (CFS) have emerged as an 

attractive chassis for building synthetic biological systems as they allow for rapid 74 

prototyping of genetic parts and circuits [4]–[8]. To build increasingly complex cell-free 

systems that can sense and respond to diverse inputs, new approaches for increasing 76 

the capabilities of synthetic GRNs are needed [9]–[12]. The ability to construct complex 

GRNs will enable investigating the limits of biological circuit design [10], [13], building 78 

multiplexed molecular biosensors [14]–[16], deploying on-demand bioproduction 

platforms [17]–[19], and the bottom-up construction of synthetic cells [20]–[23].  80 

CRISPR-Cas transcriptional regulation has proven a promising framework for 

building sophisticated genetic circuits across a variety of biological systems [24]–[29]. 82 

Transcriptional units containing target sequences for CRISPR activation (CRISPRa) 

and/or CRISPR interference (CRISPRi), termed CRISPRa/i nodes, can be assembled 84 

into circuits with network topologies specified by a set of guide RNAs (gRNAs). 

Experimental and theoretical analysis indicates that the CRISPRa/i system is well suited 86 

to design deep and wide control circuits, defined as circuits containing two or more 

internal nodes connected in series or parallel through orthogonal gRNAs [30]–[32]. Large 88 

CRISPRi GRNs with up to 7 sgRNAs have been constructed in yeast by implementing 

low leak promoters and high dynamic range repressors [33]. In E. coli-based CFS, 90 

CRISPRi-based genetic control is well established [29], [34], and CRISPRa has recently 

been incorporated [32], greatly expanding the circuit design space. Integration of 92 
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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 94 

circuitry is limited by a lack of promoter-gRNA pairs that can be interconnected with 

minimal signal degradation [32]. Hence, a generalizable approach for engineering 96 

activatable promoters with low basal and high activated expression levels would 

significantly improve CRISPRa and enable the assembly of complex, input-responsive 98 

synthetic GRNs. 

Promoter engineering efforts have traditionally focused on designing constitutive 100 

and inducible promoters with predictable expression characteristics [35], [36]. Tuning the 

strength of constitutive promoters involves designing promoter sequences that maintain 102 

either weak or strong RNA polymerase (RNAP) recruitment to the promoter [37], [38]. 

Inducible promoters contain recognition sites for transcriptional activators or repressors 104 

that modulate transcriptional levels upon binding [39], [40]. Efforts to develop inducible 

transcription systems with high dynamic ranges have relied on engineering de-repression 106 

based systems such as the Lac or Tet promoters [40]–[44], largely due to the difficulty of 

rationally designing activatable promoters [45], [46]. For effective activation, RNAP 108 

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

transcription initiation should be strong upon activator-mediated RNAP recruitment [39], 110 

[45]. Hence, higher dynamic ranges with CRISPRa and other transcriptional activation 

systems can be achieved through promoter sequence engineering to tune RNAP 112 

interactions. 

We develop an approach integrating sequence-based design and in-vivo high-114 

throughput screening to generate an expandable set of high-performing promoters that 
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exhibit both low basal and high activated expression levels. Through a sequential 116 

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 118 

CFS [32], [45]. These promoters enable network topologies not previously accessible, 

including a six-layer deep cascade and a four-branch parallel circuit. Additionally, by 120 

engineering activatable promoters, we successfully incorporate different inputs into 

CRISPRa/i circuits through the blue light-responsive EL222 transcriptional activator as 122 

well as protein-protein interaction (PPI)-dependent CRISPRa assembly, including 

SYNZIP and the small-molecule responsive abscisic acid (ABA) and gibberellic acid (GA) 124 

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 126 

can be tuned to achieve a broad range of functions, including deep multi-layer and wide 

multi-branch activation cascades, positive feedback loops, AND logic gates, and dynamic 128 

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

activatable promoters and provides a toolbox of versatile components with immediate 130 

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

expand the ability to assemble large, multi-input GRNs in CFS. 132 
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Results 134 

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

activated expression levels of synthetic activatable promoters. RNAP recruitment is 136 

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 138 

subunits for the UP-element sequence upstream of the minimal promoter [47], [48] 

(Figure 1A). We systematically designed libraries of these discrete promoter regions and 140 

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 142 

(Figure 1B, Methods 2.2) [32]. In the absence of aTc, RNAP recruitment is determined by 

the promoter basal strength. Upon aTc induction, the MCP-SoxS activator is expressed 144 

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-146 

CTD interactions, activating transcription [49] (Figure 1A). This approach allows us to 

characterize the impact of individual promoter regions on basal and activated expression 148 

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

construct high-performing activatable promoters. 150 

Functional interrogation of promoter regions with CRISPRa 

Impact of Minimal Promoter Region on Activability 152 

Previous work has demonstrated the importance of the minimal promoter region in 

determining promoter basal and activated expression levels [39], [45], [49]–[51]. We 154 

designed two minimal promoter libraries mutagenizing the -10/-35 hexamers and the 
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intervening sequence of the previously identified best-performing minimal promoter 156 

(BBa_J23117) within the J3 synthetic CRISPRa promoter (Figure 1C, Methods 3.1) [45]. 

These libraries were co-transformed with the aTc-inducible CRISPRa plasmid expressing 158 

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-160 

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 162 

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 164 

either objective can be achieved without compromising the other [52]. Three variants from 

this Pareto front exhibited up to 32% lower basal and 4% higher activated expression 166 

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 168 

improved activatable promoters beyond previous screening methods based on promoter 

basal strengths alone [45]. By mutagenizing the minimal promoter of CRISPRa 170 

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

mediated gene expression. 172 

Impact of UP-Element Region on Activability 

RNAP promoter recognition is enhanced by the AT-rich UP-elements upstream of 174 

the minimal promoter, which anchor the α-subunits of RNAP [39], [47], [53]. For effective 

CRISPRa, RNAP should only be recruited to the promoter in the presence of an on-target 176 

scRNA. Hence, for transcriptional activation with SoxS, improvements in dynamic range 

could be achieved by minimizing RNAP-UP-element interactions and lowering basal 178 
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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, 180 

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 182 

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 184 

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 186 

basal and higher activated expression levels with increasing UP-element GC-content 

(Figure 2B, right). Specifically, the median basal and median activated expression levels 188 

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 190 

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 192 

expression. 

Impact of the scRNA target site Region on Activability 194 

Transcriptional activators bind upstream of the minimal promoter region to recruit 

RNAP to the transcription start site (TSS) [39]. For CRISPRa, the optimal scRNA target 196 

site location for SoxS-mediated activation is -81 bp upstream of the TSS [45]. Changing 

the scRNA target sequence enables rapid generation of orthogonal CRISPRa promoters 198 

[54], [55]. 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 200 

designed three scRNA target site libraries composed of varying GC-content (Methods 
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3.3) and measured the basal expression of each library. We found that GC-rich libraries 202 

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 204 

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 206 

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. 208 

All variants produced a higher fold-activation than the original J306 scRNA (Figure S2), 

with 3.5-fold average increase in fold-activation. 210 

Combining promoter regions to engineer high-performing CRISPRa promoters 

Engineering activatable promoters by combining optimized promoter regions 212 

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 214 

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 216 

BBa_J23117 minimal promoter, and constructed a combinatorial set of 16 promoters. 

Surprisingly, we found that promoter regions that gave the largest improvements in the 218 

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 220 

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 222 

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

play an important role in the design of high-performing activatable promoters.  224 
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Engineering activatable promoters through sequential promoter region screening 

We tested whether promoters with improved basal and activated expression levels 226 

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 228 

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 230 

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 232 

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 234 

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 236 

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. 238 

Engineering deep and wide circuits with high-performing CRISPRa promoters 

CRISPRa promoters expressing scRNAs for CRISPRa or sgRNAs for CRISPRi, 240 

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 242 

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

degradation [31]–[33]. Promoters with lower basal and higher activated expression levels 244 

should span a higher fraction of the input dynamic range of downstream nodes, resulting 

in less signal degradation [32]. Therefore, we sought to evaluate how dynamic range 246 

improvements achieved at the promoter level translate into fold-activation and signal 
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propagation improvements at the circuit level and enable construction of increasingly 248 

deep and wide CRISPRa circuits. We implement these circuits in CFS due to the ease of 

rapidly prototyping genetic parts and circuits [6], [32]. Given the strong correspondence 250 

between component function in bacteria and CFS [32], [56], [57], we reasoned that the 

high-performing CRISPRa promoters designed in E. coli could be used to build larger and 252 

more complex GRNs in CFS.  

Engineering functional CRISPRa/i nodes 254 

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 256 

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

following previously-described methods [32]. We combined the highest dynamic range 258 

activatable promoter (HP3, Table S1) with previously-screened scRNA target sites to 

generate orthogonal CRISPRa/i nodes (Figure 3A). We characterized the dose-response 260 

curves for each orthogonal scRNA-promoter pair and found these new nodes gave an 

average activation of 890-fold (Figures 3B, S5; Table S1). 262 

Deep CRISPRa Circuits 

We investigated whether deep multi-layer cascades could be implemented using 264 

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 127-266 

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 268 

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-270 
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dependent expression through the network accelerates, reducing tmax. Therefore, a larger 

tmax between the +/- input conditions (taken as Δtmax) corresponds to an improved circuit 272 

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 274 

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 276 

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 278 

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 280 

node concentration tuning. 

We then used individual scRNA-promoter dose-response curves to inform circuit 282 

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 284 

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 286 

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 288 

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 290 

scRNA, indicating the circuit was no longer input-responsive. This result underscores the 

importance of high-performing promoters for building deep transcriptional circuits. 292 
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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 294 

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). 296 

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 298 

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 300 

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 302 

layer. Beyond two layers, the signal delay showed a consistent increase of ~50 min with 

subsequent additions of the third, fourth, and sixth layers (Figure 3E, right), suggesting 304 

that the response characteristics are maintained at each layer in deep circuits. 

Wide CRISPRa Circuits 306 

To identify conditions under which multiple orthogonal nodes can compose wide 

CRISPRa circuits, we constructed one, two, three and four parallel three-layer cascades 308 

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 310 

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 312 

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 314 

due to higher overall basal expression of internal scRNAs. We then constructed the same 
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circuits and tuned the node concentrations proportionally to the number of parallel 316 

cascades, effectively maintaining the total node concentration constant. When 

constructed in this manner, we found no statistically significant difference in the fold-318 

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 320 

circuits with as many as nine nodes may be regulated. 

Developing activatable promoters for blue-light responsive CRISPRa/i circuits 322 

Above we demonstrated that high-performing CRISPRa promoters can be 

generated through parallel screening of the basal and activated levels of promoter 324 

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 326 

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

control of the engineered high-performing EL222 promoter, we demonstrate light-328 

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

circuits.  330 

High-performing blue-light responsive promoters 

The EL222 transcriptional activator interactions with the RNAP and the DNA 332 

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

optogenetic inputs for CRISPRa/i circuits (Figure 4A) [58]–[61]. Briefly, EL222 binds an 334 

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

RNAP through interactions with the α and σ subunits [61]. We mutagenized the luxI 336 

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 338 
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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 340 

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 342 

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 344 

promoter (Figure S10). This improvement comes largely from a reduction in the basal 

expression from the blue-light promoter, suggesting we successfully minimized the 346 

RNAP-minimal promoter interactions without weakening EL222-promoter interactions. 

More importantly, these results demonstrate this approach for engineering actionable 348 

promoters is applicable to other transcriptional activation systems. 

Blue-light responsive CRISPRa/i circuits 350 

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

suitable for expressing gRNAs for CRISPRa/i circuits. We titrated gRNA-expressing 352 

plasmid concentrations and compared RFP expression across dark and light conditions. 

For CRISPRi, the highest light-dependent change in repression was 50% (Figure S11). 354 

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 356 

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 358 

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-360 

light. When optimally tuned, the positive feedback loop increases the light-dependent 
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CRISPRa output levels almost 2-fold (Figure 4D). Excess PFB node led to a 7.6-fold 362 

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 364 

promoters can be used to improve the dynamic range of input-responsive signal 

processing modules. 366 

Engineered activatable promoters enable conditional CRISPRa dependent on 

protein-protein interactions 368 

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

coupling peptide or small-molecule binding to transcriptional outputs has long attracted 370 

interest [62]–[68]. Implementation of PPI-dependent transcriptional activation has been 

difficult in prokaryotic systems due to strict target site requirements and low dynamic 372 

range of activatable promoters [45], [49]. Therefore, we explored if high-performing 

activatable promoters could permit construction of PPI-dependent conditional CRISPRa 374 

signal transduction modules. 

Development of Conditional CRISPRa Systems 376 

As an experimental testbed, we incorporated three previously characterized 

protein-protein heterodimerization domains into our CRISPRa system: the synthetic 378 

coiled-coil SYNZIP 5/6 pairs [69], the abscisic acid (ABA) responsive ABI–PYL1 [62], [70], 

[71], and the gibberellic acid (GA) responsive GID1–GAI [62], [72]. We fused these 380 

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 382 

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, 384 

we observed a 5.7-fold activation with SYNZIP-CRISPRa when SoxS was fused to the N-

https://www.zotero.org/google-docs/?SevKUR
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terminus of the SYNZIP domain, compared to 1.4-fold when fused in the opposite 386 

orientation (Figure 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 388 

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 390 

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

fusions in CRISPRa systems [49], [73].  392 

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

dependent manner [45]. We questioned whether the introduction of an additional protein 394 

linkage into MCP-SoxS affects the relative scRNA target site requirements [74]. We 

designed a CRISPRa promoter with densely packed scRNA target sites and variants with 396 

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 398 

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 400 

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 402 

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

We then identified the permissible small-molecule input and protein expression 404 

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 406 

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. We 408 
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screened dimer stoichiometries and expression levels by surveying a range of 

concentrations for both the MCP and SoxS components. SYNZIP-CRISPRa performs the 410 

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, 412 

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 414 

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 416 

expression of heterodimers did not necessarily improve activation. In line with the 

behaviors of natural scaffolds [75], [76], we observed a unique optimal concentration for 418 

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

different affinities of each protein-protein interaction.  420 

Engineering multi-input CRISPRa/i circuits 

Multi-layer and multi-input circuits with conditional CRISPRa 422 

 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 424 

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). 426 

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 428 

be highly specific to its target ligand, showing no significant activation in the presence of 

GA. GA-CRISPRa showed 3.1-fold cross-activation from ABA, in line with reports in 430 

eukarya [62], but maintained a 3-fold higher specificity for its target ligand, giving 10.5-
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fold activation from GA. These results suggest that the ABA- and GA-CRISPRa systems 432 

can be used for effective orthogonal gene regulation. 

We built two types of input-responsive circuits to demonstrate the use of 434 

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 436 

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 438 

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 440 

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, 442 

right). 

Two-input dynamic pulse generator 444 

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

multiple input-responsive regulators to tightly regulate the expression timing and 446 

magnitude of downstream targets [2], [3], [77]. Towards this goal, we sought to couple 

blue-light CRISPRi with conditional CRISPRa into a tunable pulse generator with two-448 

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 450 

CRISPRi due to its high-fold activation. To simulate relative production rates as a function 

of CRISPRa and CRISPRi inputs, we built upon a coarse-grained mechanistic model of 452 

CRISPRa/i regulation [32] by introducing blue-light pulses regulating sgRNA expression 

(Methods 6). By simulating changes in the pulse width as CRISPRi inputs as well as 454 
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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 456 

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 458 

target. 

 Experimentally, we first kept the CFS in the dark for one hour to allow for EL222 460 

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

tune SYNZIP-CRISPRa, we changed the scRNA-expressing plasmid concentration. As 462 

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 464 

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 466 

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

minutes. These results demonstrate that different CRISPRa/i-based signal transduction 468 

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

highlighting the potential of input-responsive CRISPRa/i GRNs for complex signal 470 

processing applications. 

 472 

 

  474 
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Discussion 

Natural biological systems have evolved GRNs containing activatable promoters 476 

with wide ranges of expression characteristics that enable dynamic responses to 

changing environmental conditions. Engineering activatable promoters has traditionally 478 

been thought to involve a trade-off between basal and activated expression levels [35], 

[41], [45]. In this work, we show that basal and activated expression levels can largely be 480 

decoupled to generate activatable promoters with both lower basal and higher activated 

expression levels than previously possible. High-throughput, sequential screening of 482 

promoter regions constructed through sequence-based design allowed us to overcome 

context effects and identify high-performing activatable promoters. With this approach, 484 

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 486 

those of the Lac system (Figure S17) [78].  

The E. coli transcriptional network is governed by a hierarchical structure 488 

containing nine layers of regulation [1]. Engineered activatable promoters allowed us to 

build multi-layer CRISPRa/i GRNs in E. coli-based CFS with depths and widths 490 

significantly larger than the state of the art [32], [79], approaching the complexity of natural 

GRNs. Specifically, a 33-fold improvement in promoter dynamic range resulted in 80% 492 

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 494 

up to four parallel cascades, indicating that the CRISPRa/i framework is well suited for 

the design of wide control circuits for parallel computing and multi-gene regulation. 496 

Further improvements in GRN complexity may be limited by resource constraints, such 
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as upstream gRNAs outcompeting downstream gRNAs for dCas9 binding (Figure S7). 498 

Strategies to dynamically regulate upstream gRNA expression, such as reversing 

CRISPRa complex binding or implementing negative autoregulation motifs [80], could 500 

enable even larger GRNs.  

Biological systems continuously monitor and process environmental signals by 502 

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

to complex GRNs [81], [82]. Our work provides a general framework for optimizing 504 

transcriptional activation systems at the promoter level and integrating them into 

CRISPRa/i GRNs. Promoter engineering of the optogenetic EL222 system enabled high 506 

light-dependent dynamic ranges, with relevant expression levels for downstream 

applications. Through inducible gRNA expression, we demonstrated input signal 508 

modulation through various GRN topologies, including positive feedback loops and 

CRISPRa/i cascades, as well as integration of different signal transduction modules into 510 

the same CRISPRa/i GRN. Given the high degree of tunability and composability of the 

CRISPRa/i framework [28], [32], other GRNs with different signal processing functions, 512 

such as thresholding [83], amplification [77], and frequency filtering [84], should be readily 

implementable. Overall, our work highlights the potential for building complex, input-514 

responsive systems through CRISPRa/i GRNs.  

Protein-protein interactions have been used widely to execute complex, input-516 

responsive functions in eukaryotes [85]–[89]. Implementing similar systems in 

prokaryotes has been difficult, and the development of high dynamic range promoters 518 

allowed us to successfully prototype and optimize conditional CRISPRa systems in E. 

coli-based CFS. Implementation of novel conditional CRISPRa systems may be 520 
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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 500 522 

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

the strength of the protein-protein interaction (Table S2) [69], [72], [90]–[94], informing the 524 

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

suggests that other heterodimerization domains could be implemented, with minimal 526 

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

biosensing or screening of PPIs in CFS.  528 

Our workflow for activatable promoter engineering enables the dynamic 

specification of expression levels for large networks of orthogonal gene targets. The new 530 

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 [10], [13] 532 

and biological information processing [20]–[23], as well as for building dynamic, multi-

enzyme expression programs for self-assembling bioproduction platforms [17]–[19], [95], 534 

[96]. Moreover, CRISPRa/i GRNs could be integrated with existing field-deployable 

medical diagnostics and environmental monitors to enable complex, multi-input signal 536 

processing [4], [15], [16], [97]. Moving forward, this work could serve as a stepping stone 

for building entirely synthetic cells and engineered living materials with GRNs that match 538 

or go beyond the complexity of natural systems. 

 540 
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Figures 

Figure 1: Functional interrogation of promoter regions with CRISPRa 544 

 

A. Schematic of RNAP interactions with the CRISPRa complex and target promoter. σ70 546 

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 548 

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

transcriptional activator. RNAP-promoter and CRISPRa-promoter interactions can be 550 

modulated by modifying the DNA sequence of the different promoter regions. 

B. Workflow for the assembly and characterization of libraries of activatable promoters. 552 

A library of RFP genes with varying promoters is generated through PCR (Methods 
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1.1). The library is then co-transformed into E. coli with an aTc-inducible CRISPRa 554 

plasmid. Colonies are then seeded overnight in EZ-RDM. Overnight cultures are 

subsequently diluted into a fresh EZ-RDM and supplemented with appropriate 556 

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 2.2). 558 

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 560 

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, 562 

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

D. Minimal promoter effect on expression levels. Left: Schematic of inducible CRISPRa 564 

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 566 

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

promoter libraries. Red dash line defines the Pareto front containing the best 568 

performing promoter variants (Methods 7.1), for which no further improvements in 

basal or activated levels can be achieved without compromising the other. Gray dash 570 

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

indicating they are not activated by CRISPRa. The J23117 minimal promoter (green) 572 

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

promoter (red) is an example of a non-activatable promoter due to high basal 574 
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expression levels. A plasmid without RFP (black) indicates the background 

fluorescence of the system.  576 
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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 578 

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

Upon targeting with CRISPRa, UP-element RNAP recruitment contributions are 580 

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).  582 

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

basal RFP/OD600 for the six UP-element libraries. Left: Increasing GC-content in the 584 

UP-element lowers the range of basal expression level, while maintaining the full 

range of activated expression levels. Gray dash line defines promoter variants with 586 
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equal activated and basal expression levels, indicating they are not activated by 

CRISPRa. Right: Colored dash lines define the Pareto front containing the best 588 

performing promoter variants for each UP-element library  (Methods 7.1). Increasing 

the UP-element GC-content effectively shifts the Pareto front towards lower basal 590 

expression levels. 

C. scRNA target site composition effect on basal expression. Comparison of three 592 

scRNA libraries with increasing GC-content (Methods 3.3). Basal expression levels 

are normalized to the standard J3 promoter basal expression level. Red lines indicate 594 

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 596 

spread of the distribution. 

D. Sequential construction of activatable promoters. Left: Activatable promoters were 598 

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 600 

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 602 

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

levels for all mutagenesis variants normalized to the standard J3 promoter expression 604 

levels (green). Yellow points represent variants from the UP-element mutagenesis (1), 

while purple points represent variants from the minimal promoter mutagenesis (2). 606 

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 608 

basal and higher activated expression levels.  



237 

 

Figure 3: Engineering deep and wide circuits with high-performing CRISPRa promoters 610 

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. 612 

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

contain the same UP-element and minimal promoter (HP3).  614 

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

encoding each CRISPRa component are mixed using an acoustic liquid handling 616 
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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. 618 

Values represent the mean ± standard deviation of three technical replicates. 

C. Comparison of assembly strategies for building a four-layer CRISPRa cascade. 620 

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 1.25 622 

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 624 

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

performing promoter of the second internal node was replaced with the leaky J2 626 

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 628 

expression for each assembly strategy with scRNA input (red) and without (black), 

relative to RFP basal expression. Values represent the mean ± standard deviation 630 

of three technical replicates. Right: Change in time to maximum expression rate 

(Δtmax) for each assembly strategy. Δtmax is calculated by finding the difference in 632 

time to reach maximum RFP production rate between the with and without input 

conditions (Methods 7.1).  634 

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 636 

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: 638 

Fold change between with and without scRNA input for each CRISPRa cascade.  
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E. Signal propagation through deep CRISPRa/i circuits. Left: Schematic of CRISPRa 640 

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 node 642 

concentrations are tabulated in Table S5. Right: Propagation efficiency and signal 

delay are shown as a function of circuit depth. Propagation efficiency for each 644 

cascade is calculated as the ratio between the fold change of the output RFP 

compared to the fold change of the input layer (Methods 7.2). Signal delay is 646 

calculated as the difference in time to reach the maximum fold-activation of the 

cascade between the cascade output and input layer (Methods 7.2).  648 

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

with increasing width. Input and output node concentrations were held constant 650 

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 652 

(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, 654 

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

single CRISPRa cascade (Methods 7.2). Asterisks indicate a statistically 656 

significant difference using a two-tailed unpaired Welch’s t-test (∗p 

value < 0.05, ∗∗p value < 0.01, ∗∗∗p value < 0.001). 658 

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

replicates. 660 
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Figure 4: Developing activatable promoters for blue-light responsive CRISPRa/i circuits 662 

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 664 

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

interactions with the α-CTD domain. Minimal promoter library design is based on 666 

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

B. Characterization of light responsive promoters in E. coli. Left: Schematic of blue-668 

light promoter screening (Methods 5). EL222 protein and promoter library are 

expressed from a single plasmid. Assembly and screening are carried out as 670 

previously described. Basal and activated expression levels are measured from 
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cultures not exposed or continuously exposed to blue-light, respectively. Right: 672 

Basal expression and dynamic range of blue-light promoter variants. Gray dash 

line defines promoter variants with equal activated and basal expression levels, 674 

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

and J23113 (black) are examples of non-activatable promoters. Variants with 676 

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

were selected for use in CFS. 678 

C. Light-responsive CRISPRa in CFS. Left: Schematic of EL222 scRNA expression 

and downstream CRISPRa. is achieved by expressing a scRNA from an 680 

engineered blue-light promoter. Right: Titration of blue-light inducible scRNA 

plasmid concentration to maximize the fold change between blue-light dependent 682 

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

represent the mean ± standard deviation of three technical replicates. 684 

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

positive feedback circuit. Left: Schematic of a blue-light responsive CRISPRa 686 

cascade with positive feedback (PFB). PFB is achieved by including a downstream 

node that expresses a scRNA targeting an upstream node. Right:  Blue-light 688 

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 690 

PFB node. Values represent the mean ± standard deviation of three technical 

replicates. 692 
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Figure 5: Engineered activatable promoters enable PPI-dependent conditional CRISPRa 694 

A. Schematic of different conditional CRISPRa systems. MCP-SoxS fusion is split 

and the two proteins are instead fused to one end of a heterodimerization domain. 696 

The heterodimerization domains used to build conditional CRISPRa systems are 

the SYNZIP5/SYNZIP6 pair, the abscisic acid (ABA)-responsive ABI/PYL1 698 

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

B. Distance requirements of conditional CRISPRa. Left: An engineered promoter 700 

containing densely packed scRNA target sites and single base pair additions 

allows for CRISPRa targeting with single base pair resolution between -81 and -702 

111 bp from the TSS. Phase shifts are introduced at the 5’ end of the promoter 

UP-element. Right: Testing SYNZIP-CRISPRa with single base pair resolution 704 

between -81 and -91 bp from the TSS. SYNZIP-CRISPRa components are 
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expressed at 5 nM. Fold change is calculated relative to an off-target scRNA for 706 

each promoter variant.  

C. Tuning conditional CRISPRa response through titration of small molecule 708 

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 710 

concentration. ABA- and GA-CRISPRa components are expressed at 5 nM.  

D. Improving conditional CRISPRa response by optimizing component 712 

stoichiometries. The concentration of the plasmids expressing the MCP and SoxS 

components for each dimerization system were varied between 1 and 25 nM and 714 

tested combinatorially to find the best ratio of the two heterodimerization proteins. 

ABA is added at 10 μM and GA is added at 103 μM. Fold change is given relative 716 

to a reaction with no MCP and SoxS plasmids added. 

  718 
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Figure 6: Engineering multi-input CRISPRa/i Circuits 

A. Conditional CRISPRa response to non-cognate ligands. The orthogonality of the 720 

small molecule-responsive conditional CRISPRa systems was tested by adding 

either the corresponding or non-corresponding small molecule to cell-free 722 

reactions containing the machinery for abscisic acid (ABA)- or gibberellic acid 

(GA)- CRISPRa. The components for both ABA- and GA- CRISPRa are added at 724 

their respective optimal screened concentrations. ABA is added at 10 μM and GA 

is added at 103 μM.  726 

B. Assembly of conditional CRISPRa circuits. For both circuits, the components for 

both ABA- and GA- CRISPRa are added at their respective optimal screened 728 

concentrations. ABA is added at 10 μM and GA is added at 103 μM. Left: The AND 

gate was constructed by adding the components for both ABA- and GA- CRISPRa 730 
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in a cell-free reaction. Right: The CRISPRa cascade was assembled by using 

ABA-CRISPRa to activate expression of both the first and second node in an 732 

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.  734 

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

heterodimerization mediated-CRISPRa and blue-light CRISPRi. The simulation 736 

sampled different amounts of CRISPRa and CRISPRi input to analyze whether the 

two systems could be integrated to modulate the production rate of a desired gene 738 

target (Methods 6). 

D. SYNZIP-CRISPRa and blue-light CRISPRi were integrated to construct a tunable 740 

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 742 

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-744 

light exposure between 45 and 135 min. RFP production rates are plotted as a 

function of CRISPRa and CRISPRi inputs (Methods 7.2).  746 

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

technical replicates. Asterisks indicate a statistically significant difference 748 

using a two-tailed unpaired Welch’s t-test (∗p value < 0.05, ∗∗p value < 0.01, 

∗∗∗p value < 0.001). 750 
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Method Details 754 

1. Plasmid and Library Construction 

1.1 Cloning 756 

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 758 

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 760 

(Takara).  

Assembled plasmids and libraries were transformed into chemically competent NEB 762 

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. 764 

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

appropriate concentrations of relevant antibiotics. 766 

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 768 

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 770 

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

sequence verified. 772 

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

Miniprep Kit) and Sanger sequenced (Genewiz inc.) to identify correctly assembled 774 

plasmids.  
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2. E. coli Experiments 776 

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 778 

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 780 

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 782 

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 784 

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 786 

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 788 

culture volume. 

3. Design of Promoter Region Libraries 790 

3.1 Minimal Promoter Libraries 

Of the two libraries, the first was designed by rationally mutagenizing specific bases that 792 

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 794 

similar Pareto fronts, we then combined these mutations into a third minimal promoter 

library, which was used in the sequential screening process.  796 
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3.2 UP-Element Libraries 

We designed five UP-element libraries mutagenizing the AT-rich E. coli consensus 798 

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). 800 

3.3 scRNA Target Site Libraries 

We generated three scRNA target site libraries with varying compositions of GC-content 802 

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

UP-element. 804 

3.4 EL222 Minimal Promoter Libraries 

Starting with the native luxI minimal promoter, we introduced rational mutations to make 806 

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

within the -10:-35 region (Table S3).  808 

4. Cell-Free Reactions 

4.1 Cell-Free System Preparation 810 

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 812 

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

across samples. Details about plasmid preparation are provided in Methods S1. 814 

4.2 Cell-Free Gene Expression Reaction 

Cell-free gene expression reactions were assembled on ice from the CFS and purified 816 

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 818 
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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 820 

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 822 

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 824 

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. 826 

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.  828 

5. Optogenetic Experiments 

For both E. coli and CFS optogenetic experiments, the cultures and reactions were 830 

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 832 

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 834 

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 of 6 cm with the 836 

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 838 

were conducted using a BioTek Synergy HTX. 
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6. CFS Blue-light CRISPRa/i modeling 840 

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 842 

for protein and guide RNA production, CRISPR complex assembly, and DNA targeting. 

All model details are described in Methods S2. 844 

7. Quantification and statistical analysis 

7.1 Data analysis 846 

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 848 

Methods S3. 

7.2 Statistics 850 

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-852 

value < 0.01, ∗∗∗: p-value < 0.001). 

  854 

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

Cell-free systems offer a powerful platform for rapid metabolic prototyping and 36 

biosynthesis, but their inherent complexity requires predictive models to guide rational 

design. We developed an automated computational pipeline that integrates proteomic 38 

and metabolomic data to construct, parameterize, and simulate kinetic models of cell-free 

lysates. Enzyme-catalyzed reactions are mapped using KEGG annotations, kinetic 40 

parameters are sourced from BRENDA or estimated using machine learning tools, and 

thermodynamic constraints are incorporated via eQuilibrator. Model parameters are 42 

refined by fitting the model to time-course metabolomics data using a global optimization 

algorithm. We apply this workflow to model an E. coli-based cell-free lysate, generating a 44 

kinetic model comprising 33 enzymes, 53 reactions, 63 metabolites, and 438 parameters. 

The model was trained on 338 time-resolved metabolite measurements and validated on 46 

91, accurately capturing metabolic behavior. Simulations revealed key flux distributions, 

cofactor dependencies, and metabolite sinks, and enabled exploration of how system-48 

level responses emerge from perturbations such as lysate dilution, enzyme inhibition, and 

heterologous enzyme expression. This framework supports the scalable construction of 50 

predictive kinetic models across diverse lysates and engineered pathways and offers a 

valuable tool for designing and optimizing cell-free bioproduction systems.  52 
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Introduction 

Synthetic biologists seek to understand and harness biological systems to 54 

engineer solutions in a wide variety of fields, ranging from medicine and agriculture to 

chemical bioproduction. However, optimizing living cells for bioproduction remains 56 

challenging due to multiple factors, such as the competition between the engineered 

biosynthesis pathway and cell viability, as well as the dense interconnectivity of metabolic 58 

networks, which hinders rational design (1–4). Importantly, crude extract-based cell-free 

systems retain much of the native metabolic machinery required for energy and cofactor 60 

regeneration essential for sustained biosynthesis. However, cell-free lysates also contain 

other enzymes that may interfere with the engineered pathway, especially if the desired 62 

product is not orthogonal to the endogenous metabolism (5–8). To address this challenge, 

computational models are being developed to predict metabolic fluxes, identify key 64 

bottlenecks, and guide the engineering of cell-free biosynthetic systems (9–11). 

Computational metabolic models are essential to broaden our knowledge of 66 

metabolic networks (12,13). They provide a rational and systematic framework for 

integrating existing biochemical knowledge with experimental data, thus enabling 68 

understanding of the complex operation of metabolism. A widely used approach in 

metabolic modeling is constraint-based modeling, particularly Flux Balance Analysis 70 

(FBA). FBA utilizes stoichiometric constraints and optimization principles to estimate 

steady-state flux distributions in a metabolic system by applying constraints such as 72 

nutrient availability and growth (14,15). While constraint-based models perform well for in 

vivo models that achieve steady-state conditions, they have key shortcomings when 74 

applying such tools to in vitro systems which lack an obvious objective function (ie. 
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growth). Dynamic models that incorporate enzyme kinetics are better suited to represent 76 

cell-free systems (9,12). However, kinetic models require identifying appropriate rate laws 

for each reaction and to either experimentally measure or extract kinetic parameters from 78 

literature, which makes them very time consuming to generate. Hence, current cell-free 

kinetic models include only enzymes directly involved in the pathway of interest and 80 

sometimes those immediately surrounding it. However, there is strong evidence that the 

endogenous metabolism of crude lysates has a significant impact on the flux of 82 

engineered pathways, especially if the targets are central metabolites (5–8).  

To this point, we have designed a framework to construct, parameterize, fit and 84 

analyze kinetic models of cell-free lysates with the aim of examining the effect of the 

lysate’s endogenous metabolism on engineered pathways. We developed FRENDA (Fast 86 

Retrieval of ENzyme DAta), a computational workflow that integrates cell-free proteomic 

and metabolomic data with information from curated biochemical databases into a 88 

human-readable spreadsheet. FRENDA systematically identifies enzymatic reactions 

based on proteomic identifiers, retrieves available kinetic parameters from sources such 90 

as BRENDA (16), and estimates missing values using machine learning models trained 

on enzyme sequence and substrate structure features (17,18). The resulting output is a 92 

structured, human-readable dataset detailing the metabolic network, including reactions, 

metabolites, and kinetic parameters. This dataset can be automatically converted into an 94 

executable model using a companion tool that generates Antimony code, which is readily 

translatable into SBML format for dynamic simulation and systems-level analysis (19–21). 96 

Since fitting large kinetic models to experimental data is computationally challenging, in 

this work we also implemented a parallelizable optimization framework based on 98 
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population-based algorithms using the Python library pygmo in combination with 

libRoadRunner for fast model simulation (22–24). This framework, packaged in a Docker 100 

container for scalability and portability, enables efficient parameter estimation by 

distributing computational tasks across multiple processors or computing nodes. We 102 

applied this framework to generate multiple kinetic models of an E. coli cell-free and 

investigate how interventions—such as lysate dilution and small-molecule inhibition—104 

affect flux distribution across the metabolic network. These case studies demonstrated 

that even simple perturbations can induce complex, system-wide effects, highlighting the 106 

importance of detailed kinetic models for predicting metabolic behavior. Together, this 

integrated workflow for assembling, fitting and analyzing large kinetic models will provide 108 

a foundation for accelerating the design and optimization of metabolic systems, with 

broad applications in synthetic biology, cell-free biomanufacturing, and high-throughput 110 

pathway prototyping. 

 112 
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Results 114 

Developing workflows for assembling and fitting kinetic models 

FRENDA for constructing and parameterizing cell-free models 116 

To streamline the process of constructing and parametrizing kinetic models of 

metabolic systems, we developed FRENDA (Fast Retrieval of ENzyme DAta) (Figure 1). 118 

FRENDA takes proteomics and metabolomics data and parses several databases to 

create a list of all the enzymatic reactions in the metabolic network. First, the proteomics 120 

IDs are automatically converted into KEGG IDs, which are used to retrieve relevant 

information for each enzyme from the KEGG database (25), such as the set of KEGG 122 

reaction IDs catalyzed by the enzyme and the corresponding substrate and product 

KEGG IDs. FRENDA then queries the BRENDA database using each enzyme ID to 124 

retrieve specific kinetic parameters for the enzyme and its corresponding species, which 

are then compiled with other reaction details. If kinetic parameters are unavailable for a 126 

given enzyme-substrate combination, two machine learning algorithms—DLKcat and KM 

Prediction (17,18)—are used to estimate the necessary parameters based on the 128 

enzyme's protein sequence, fetched from UniProt (26), and the substrate's SMILES string 

(27), fetched from PubChem (28). Thermodynamic equilibrium constants for each 130 

reaction are then calculated using the open-source tool eQuilibrator (29). Finally, 

metabolite concentrations are estimated using metabolomics data, values from previous 132 

studies, or the average of other metabolites, in that order of priority.  

The output of FRENDA is a human readable spreadsheet that tabulates all 134 

enzymes and metabolites present in the system, all the enzymatic reactions, and their 

associated kinetic parameters. At this point, the user can specify which rate law best 136 
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describes each reaction, as well as any inhibition that may affect a reaction. By default, 

FRENDA employs the common modular rate law as it covers all possible stoichiometries 138 

and types of regulation and is thermodynamically consistent (30). To convert the 

FRENDA spreadsheet into an executable model, we developed F2A (FRENDA-to-140 

Antimony) which parses the reaction and metabolite information and converts it into the 

text-based model definition language Antimony. This Antimony file contains all variable 142 

definitions and ordinary differential equations describing the system and is still human 

readable, which facilitates troubleshooting. More importantly, Antimony can readily be 144 

converted into the standard modeling format SBML for executing and analyzing the 

model.  146 

Figure 1: Computational workflow for assembling and fitting kinetic models 

Schematic of workflow for assembling and fitting kinetic models. A) Proteomics and 148 

metabolomics data for lysate are collected and tabulated. B)  FRENDA uses proteomics 

to parse for reaction information and kinetic parameters and generate human-readable 150 

spreadsheets with all the model information. C) F2A compiles the spreadsheets into 
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Antimony code and makes the executable SBML model. D) SBML model is fitted to the 152 

metabolomics data using high-performance computing. 

We used FRENDA to assemble a kinetic cell-free model based on the proteomic 154 

analysis of cell-free lysate prepared from E. coli BL21 Rosetta2 grown aerobically with 

glucose as a carbon source (31,32). To explore how many reactions are really needed to 156 

describe the system, we adopted a modular model-building approach, utilizing KEGG 

modules and manual curation to incrementally incorporate a larger subset of biosynthetic 158 

pathways present in the lysate. These models contained between 29 and 104 reactions, 

and 169 and 508 parameters (Figure 2C).  160 

We evaluated these different cell-free models on experimental data collected in a 

previous study (7). The dataset consists of concentrations of key metabolites, such as 162 

pyruvate, malate, succinate, and glyoxylate, over time, under several conditions, including 

adding different metabolites, diluting the lysate, and adding an enzyme inhibitor (Figure 164 

2A). In total, this dataset contained 18 metabolites in 33 samples across 7 experiments, 

summing to 594 datapoints (Figure 2B). We assessed model performance with the 166 

weighted root mean square error (RMSE). Unsurprisingly, these models were not able to 

capture the cell-free experimental data (Figure SI), most likely due to using kinetic 168 

parameters measured in a cellular context instead of cell-free. Therefore, we 

implemented a global optimization scheme to fit the kinetic models to the experimental 170 

data. 

Model fitting to metabolomics data with parallel particle–swarm optimization 172 

Fitting large kinetic models to experimental data is challenging due to the non-

linearity of the systems of ODEs, resulting in a non-convex optimization problem. One 174 
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class of algorithms designed to solve non–convex, non–linear optimization problems is 

population–based algorithms, which explore the parameter space by iteratively improving 176 

a pool of candidate solutions. This class includes methods such as genetic algorithms, 

differential evolution, particle–swarm optimization (PSO), and many others, all of which 178 

have been shown to have good performance when fitting different kinetic models (24,33–

36). An advantage of population-based algorithms is that they can efficiently be 180 

parallelized to achieve linear speedups by simply distributing the population update step 

across different computing nodes. To efficiently implement optimization algorithms in 182 

parallel and parametrize our CFS models, we combined pygmo (24), a Python library that 

implements optimization algorithms in parallel using ipyparallel for task distribution, with 184 

libRoadRunner (22,23), a library for compiling SBML models directly into machine code 

for faster execution (Figure 2B). We packaged these libraries into a Docker image for 186 

easier deployment, creating a flexible framework for running many model simulations 

across multiple processors or even multiple machines. In this work, model simulations 188 

were performed on the University of Washington HYAK high-performance computing 

cluster, across 10 Intel Xeon Gold 6230 CPU @ 2.10GHz with 40 logical processors 190 

each.  

We fit the CFS models to previously published experimental data supplemented 192 

with additional key metabolite measurements, totaling 18 metabolite concentrations 

(malate, pyruvate, serine, glycine, NADH, CoA, acetyl-CoA, succinate, fumarate, citrate, 194 

ATP, glyoxylate, alanine, aspartate, lysine, valine, oxobutanoate, and hydroxyglutarate) 

across 26 conditions with varying concentrations of added metabolites, enzyme inhibitors, 196 

and dilution factors (7). For some conditions we collected time course data. When 
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measured LC/MS peaks were below the standard curve, we assumed the metabolite was 198 

present in low abundance and assigned a value equal to 1/10 of the limit of detection 

(LOD) for that metabolite. If a metabolite was not detected in a sample by LC/MS, we 200 

considered it to be in very low abundance and filled in the value with 1/100 of the LOD for 

that metabolite. To account for measurement variability and confidence in missing values, 202 

we applied a weighting scheme where each data point was weighted inversely to its 

relative standard deviation. Data weights were normalized between 1 and 0.3 such that 204 

points with lower variance were assigned higher weights, while data points with higher 

variance were down-weighted. This weighting ensured that more precise measurements 206 

had a greater influence on the model's parameter estimates, improving overall model 

robustness. In total, our dataset contained 594 measurements. To evaluate model 208 

performance, we divided the dataset into training and testing subsets. This resulted in a 

75-25 train-test condition split. All metabolite measurements and weights are given in 210 

Supplementary Tables 1 and 2. 

To fit the models, we minimized we minimized the weighted root mean square error 212 

(RMSE) for all metabolites across all conditions. When time course data was available, 

we also minimized the RMSE of the change in concentration over time. To minimize 214 

RMSE, we used the canonical PSO algorithm with local velocity update, a high 

constriction factor of 0.95 and low social and cognitive components of 0.25, and a 216 

maximum relative velocity of 0.1. These parameters enhance local exploitation and have 

been shown to be advantageous for high dimensional problems. In all cases, we used a 218 

population size equal to three times the total number of CPUs, and we run each fit with 
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three independent initial populations. Initial parameters were sampled from uniform 220 

distributions around the parameter values compiled with FRENDA.  

With this method, we compared 4 different CFS models with an increasing number 222 

of reactions. For consistency, each model was trained for 10,000 iterations, by which time 

RMSE was barely changing (Figure SI) . We found that adding complexity through extra 224 

parameters the model improved both the train and test RMSE, until a certain point. The 

largest model, containing over 400 reactions and 2000 parameters, resulted in a smaller 226 

train RMSE than the smaller models but a larger test RMSE, indicating that the model 

was probably overfitting to the train data. Additionally, we compared the models using 228 

AIC (Akaike Information Criterion), which balances model fit and complexity by penalizing 

the number of parameters. We found the third largest model, M3, to have the lowest AIC 230 

value (Figure SI), indicating it had the best trade-off between goodness of fit and model 

complexity. 232 
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Figure 2: Fitting large cell-free kinetic models to metabolomics data 234 
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A) We used the Echo to assemble cell-free reactions with varying interventions, such as 

spiked metabolites and enzyme inhibitors. To sample at different timepoints, we had 236 

replicate reactions we quenched throughout the length of the reaction. Cell-free reactions 

were filtered and run through LC/MS for quantification. B)  We used parallel computing to 238 

distribute the model and data across compute nodes for faster optimization convergence. 

C) Train and test RMSE score for different models of varying complexity. D) Top: 240 

Correlation matrix of the best 10% parameter sets found through global optimization. 

Bottom: relative RMSE for the best 10% parameter sets. E) Distribution of correlation 242 

coefficients across parameters for the top 10% best parameter sets. Red dotted line 

indicates the average correlation. F) Distribution of fold-change in model parameters in 244 

comparison to the initial parameters parsed with FRENDA. Shaded are indicates 

parameters that have changed less than 10-fold and 100-fold. G) Average metabolite 246 

absolute error across train and test datasets, before and after fitting the model to the train 

test. H) Model metabolite predictions of the test set, before and after fitting the model to 248 

the train test. 

Analyzing parameter space and model fits 250 

We proceeded to analyze M3 as it was the best-performing model out of the ones 

tested. Since PSO can converge to multiple solutions, and our system is very 252 

underdetermined, we sought to understand the probable parameter space. We first took 

the top 10% of parameters with the smallest RMSE and calculated the correlation among 254 

them (Figure 2D). We found 6 parameters sets with >0.95 correlation, and at least 10 

solutions per set. On average, the correlation across these 6 parameter sets was 0.62, 256 

suggesting the PSO algorithm was able to find several different solutions within an 

acceptable RMSE range, or 5% of the best parameter set. We also found an average 258 

correlation of 0.47 across parameters (Figure 2E), indicating there is a high degree of 

parameter interdependence. For this reason, moving forward we decided to model the 260 

probable parameter space with a multivariate distribution instead of averaging across the 
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best parameter set from each replicate. We compared the fit parameters to the original 262 

values parsed with FRENDA and found that on average 56% were within 10-fold of the 

literature or predicted values, and 32% were within 100-fold (Figure 2F), highlighting the 264 

need for fitting algorithms.  

Unsurprisingly, we found that across the board the model was better at 266 

recapitulating the metabolomic data after fitting to the train set. With the exception of 

pyruvate and glyoxylate, the trained model achieved a lower absolute error on all other 268 

metabolites compared to the model using the parameters parsed with FRENDA (Figure 

2G). The higher error for pyruvate and glyoxylate may be attributed to their high 270 

connectivity within the metabolic network, which introduces greater uncertainty due to 

missing reactions or regulatory interactions not captured in the current model. 272 

Additionally, inconsistencies or noise in the cell-free metabolomics data may contribute 

to these deviations. To better understand these discrepancies, we investigated whether 274 

model error was correlated with the number of reactions a metabolite participates in—

used here as a proxy for its network connectivity—or with the magnitude of concentration 276 

variation across experimental conditions. Our analysis revealed a weak but noticeable 

trend: metabolites involved in a larger number of reactions tended to have higher 278 

prediction errors (Pearson correlation coefficient of 0.2), suggesting that model 

performance may be limited by incomplete representation of network connectivity or 280 

regulatory complexity. Similarly, metabolites with greater variance across samples also 

exhibited higher prediction errors, although with a weaker correlation (Pearson correlation 282 

coefficient of 0.18). Nevertheless, the test errors were on par with train errors (Figure 2G), 

and the predictions generally followed the same trends as the data (Figure 2H), which 284 
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gave us confidence that the model was able to capture a significant part of the metabolic 

network activity.  286 

 

Analyzing Flux Distributions of the Endogenous Lysate 288 

Modeling endogenous reactions in lysate 

With a kinetic model that sufficiently captures the experimental responses to both 290 

chemical and physical interventions, we next aimed to leverage it to interrogate the 

system’s metabolic behavior. Specifically, we used the model to analyze flux through 292 

individual reactions and cumulative flux across biosynthetic modules, identify potential 

metabolic sinks, and evaluate the system-level effects of perturbations such as lysate 294 

dilution and small molecule inhibition. 

To evaluate the model holistically, we first visualized the full metabolic network 296 

using SBMLNetwork (37), a Python package designed for rendering SBML-formatted 

models. To maintain consistency with community standards, we adopted coordinate 298 

layouts from KEGG’s metabolic pathway maps, allowing us to represent all metabolites, 

reactions, and their associated fluxes in a biologically meaningful and interpretable format 300 

(Figure 3).  These fluxes reflect system behavior one hour after the onset of biosynthesis. 

During the first half hour, glycolysis and the TCA cycle exhibit the highest fluxes (Figure 302 

4A), consistent with expectations given that the enzymes involved in these pathways are 

among the most abundantly expressed in log-phase E. coli. This observation underscores 304 

the importance of accounting for endogenous metabolism when modeling biosynthetic 

pathways in cell-free lysates, particularly for pathways that intersect with central carbon 306 

metabolism or rely on cofactors such as NADH and ATP. As biosynthesis progresses 
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beyond four hours, flux through all biosynthetic modules gradually declines. Interestingly, 308 

after 2 hours TCA is no longer accounting for ~80-100% of flux, but only 50% while the 

other half is made up of amino acid metabolism and redox/energy metabolism. However, 310 

flux through the TCA and redox/energy metabolism persists the longest, ultimately 

leading to an accumulation of oxoglutarate and oxaloacetate. These accumulations 312 

suggest the presence of metabolic sinks, potentially resulting from imbalanced pathway 

kinetics, or depletion of essential cofactors. Further analysis of these sinks may reveal 314 

opportunities for pathway optimization or targeted interventions to improve yield and 

pathway robustness.  316 

Figure 3: Metabolic network of the cell-free model 

SBMLNetwork representation of the metabolic network of M3 showing all reactions and 318 

the most important metabolites. Cofactors have been hidden for simplicity.  
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 320 

One of the key advantages of cell-free lysate systems is the expanded set of 

control mechanisms available beyond the traditional gene expression regulation used in 322 

cell-based bioproduction (4,38). For instance, diluting the lysate to reduce the impact of 

endogenous metabolism has been shown to improve product yield (7,8). Additionally, 324 

small molecule inhibitors can be used to selectively block competing reactions that would 

otherwise divert pathway intermediates (7). To investigate the effects these interventions 326 

actually have on the system, we simulated model M3 with these changes.  

To investigate the effects of lysate dilution on pathway dynamics, we simulated 328 

progressive dilution conditions using the kinetic model by scaling the concentrations of all 

endogenous enzymes and metabolites proportionally. This approach mimics 330 

experimental protocols where lysate is diluted with buffer to reduce background metabolic 

activity. Model simulations revealed that dilution led to a decrease in flux through central 332 

metabolic pathways such as glycolysis and the TCA cycle, thereby reducing competition 

for shared cofactors like NADH and ATP (Figure 4A). Interestingly, the model also 334 

predicted a threshold beyond which further dilution resulted in diminished overall 

productivity, likely due to insufficient enzymatic capacity to sustain key reactions. These 336 

results highlight a trade-off in lysate dilution strategies and demonstrate how the model 

can be used to identify optimal dilution levels that balance reduced background 338 

metabolism with sufficient catalytic activity. Overall, all modules showed a linear response 

in response to lysate dilution, with glycolysis being the most resistant to dilution (Figure 340 

4B). Surprisingly, there was a small increase in flux at lower dilution for the reactions in 

pyruvate metabolism and redox/energy metabolism, which could be due to these 342 
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reactions now outcompeting other reactions for their substrate. This insight could be 

particularly valuable when implementing a biosynthetic pathway, as it enables more 344 

precise tuning of the lysate environment to support desired fluxes without unnecessary 

diversion of resources or loss of catalytic efficiency. 346 
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Figure 4: Model-predicted changes in flux due to different reaction conditions 

 348 

A) Total flux and flux per KEGG metabolic module at different dilution factors. B) Analysis 

of the change in flux of each metabolic module as a function of dilution factor. C) Bottom: 350 
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Changes in flux for all reactions in the model for different intervention combinations. Top: 

Effect of just adding HCT or diluting the reaction.  352 

To investigate the network-level effects of small molecule inhibition, we simulated 

the addition of hydroxycitrate (HCT) (39), a known inhibitor of citrate synthase, a key 354 

enzyme in the TCA cycle. Although HCT specifically targets citrate synthase, the model 

revealed that its inhibition leads to broader metabolic consequences. Blocking citrate 356 

synthase reduces the production of citrate from oxaloacetate and acetyl-CoA, thereby 

disrupting the TCA cycle and downstream energy production. This causes an 358 

accumulation of upstream metabolites, including acetyl-CoA, which may be diverted into 

alternative pathways, such as fatty acid biosynthesis. Additionally, the inhibition of citrate 360 

synthase reduces NADH production, affecting the redox balance and overall ATP 

synthesis. These changes ripple through central metabolism, altering flux through other 362 

interconnected pathways and impacting cofactor availability. Specifically, we observed 

the fluxes of reactions catalyzed by malate dehydrogenase, malic enzyme, pyruvate 364 

dehydrogenase, lactate dehydrogenase, and acetolactate synthase to be significantly 

impacted with the addition of HCT. This simulation highlights how a targeted perturbation, 366 

even when limited to a single enzyme, can induce significant systemic shifts, emphasizing 

the need for systems-level modeling to understand and predict the broader metabolic 368 

consequences of enzyme inhibition in bioproduction systems. 

  370 
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Discussion 

We have developed a comprehensive workflow for building, fitting, and analyzing 372 

kinetic metabolic models in cell-free systems. Recognizing the complex nature of such 

models, we focused on streamlining each stage of the process—from data integration to 374 

parameter optimization and systems-level analysis. To support model construction, we 

developed FRENDA, a tool that parses proteomics and metabolomics data alongside 376 

public biochemical databases to automatically assemble a list of enzymatic reactions 

within the network. To efficiently fit model parameters, we implemented a scalable 378 

framework for parallel computation. We further addressed the challenge of solution 

multiplicity by analyzing parameter interdependence and modeling the high-probability 380 

parameter space using a multivariate distribution, rather than relying on single best-fit 

solutions. Overall, this work offers a generalizable workflow for constructing and fitting 382 

large kinetic models, with particular relevance to cell-free systems but broadly applicable 

to any metabolic network. 384 

We applied this workflow to explore how interventions—such as lysate dilution 

small-molecule inhibition—impact flux distribution of an E. coli cell-free system. These 386 

case studies showed that even simple perturbations can lead to complex, system-wide 

effects, reinforcing the need for detailed kinetic models to understand and predict system 388 

behavior. Our investigation of hydroxycitrate (HCT) inhibition of citrate synthase revealed 

how a targeted perturbation can propagate through the system, disrupting the TCA cycle 390 

and leading to downstream shifts in cofactor and metabolite fluxes. These insights 

emphasize the interconnectedness of metabolic networks and illustrate the importance of 392 

systems-level approaches in understanding and optimizing bioproduction processes. 
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One limitation of our current modeling approach is that inhibition is only explicitly 394 

considered for HCT, even though many E. coli enzymes are known to be regulated by a 

variety of inhibitors. Programmatically incorporating inhibition information remains a 396 

challenge due to the limited availability of quantitative inhibition data across databases. 

To begin addressing this, we extended FRENDA to parse enzyme-inhibitor relationships 398 

from BioCyc and predict inhibition constants (Ki) using the machine learning tool KM 

Prediction. On average, with this process we identified approximately five potential 400 

inhibitors per enzyme. Incorporating this information into the model, using the modular 

rate law to account for both competitive and non-competitive inhibition, would have 402 

significantly increased model complexity—adding roughly 45% more parameters per 

model. Future work should aim to constrain these inhibition parameters using literature-404 

derived values, and to include enzyme activators, which also play a critical role in 

metabolic regulation. Additionally, while the modular rate law offers flexibility and 406 

thermodynamic consistency, alternative rate laws may provide more accurate 

representations for some enzymatic reactions. 408 

Despite the advantages of population-based algorithms for fitting complex, non-

linear kinetic models, their computational cost remains a significant limitation. These 410 

algorithms require evaluating large populations of parameter sets over many generations, 

which can be particularly demanding when simulating stiff or high-dimensional ODE 412 

systems. Although parallelization can significantly reduce runtime, fitting large models still 

often requires access to high-performance computing resources. This becomes 414 

particularly crucial when increasing the amount of training data, as training time increases 

linearly with respect to the number of samples. To further improve efficiency, alternative 416 
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approaches such as adjoint sensitivity analysis or backpropagation through differential 

equation solvers could be employed (40–42). These gradient-based methods can 418 

compute sensitivities with respect to all parameters in a single backward pass, offering 

significant speedups for models with many parameters and enabling more scalable and 420 

data-efficient optimization. Additionally, model reduction techniques—such as lumping of 

fast reactions, quasi-steady-state approximations, or pathway compression (43,44)—can 422 

significantly reduce the dimensionality and stiffness of the system, lowering computational 

demands without sacrificing key dynamic behaviors. 424 

Our workflow can readily be used for prospecting different biosynthetic pathways, 

as FRENDA can parse for reactions and kinetic parameters given just the pathway 426 

enzyme names or EC numbers. This enables rapid in silico evaluation of candidate 

pathways by simulating how the introduction of a synthetic pathway may interact with the 428 

endogenous lysate metabolism, identifying potential bottlenecks, and predicting flux 

distributions under different conditions. Coupling this capability with design of 430 

experiments strategies or with machine learning-based tools such as the Automated 

Recommendation Tool (ART) (45), would allow researchers to systematically explore 432 

combinatorial design spaces, prioritizing experimental conditions that are most likely to 

improve biosynthetic pathway performance. This data- and model-driven approach holds 434 

the potential to transform metabolic engineering, enabling more rapid and cost-effective 

development of cell-free biosynthesis platforms. 436 

As cell-free system engineering continues to advance, there is growing interest in 

generating lysates from a variety of organisms beyond E. coli, including non-model 438 

bacteria with distinct metabolisms. These alternative lysates can offer unique biochemical 
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capabilities—such as native tolerance to inhibitory compounds, unusual cofactor usage, 440 

or novel biosynthetic routes—that expand the scope of possible bioproduction strategies. 

However, the diversity and limited characterization of these systems present a significant 442 

challenge for rational design. The work by Moore et al. demonstrated that combining high-

throughput experimentation with model-based inference enables the rapid 444 

characterization of transcription–translation dynamics in nonmodel lysates (46). Our 

framework builds on this concept by enabling fast, automated construction of organism-446 

specific kinetic models from basic proteomic information, making it a powerful tool for 

exploring and engineering cell-free systems derived from diverse microbial sources. As 448 

the field moves toward bespoke lysates tailored for specific products or pathways, such 

modeling approaches will be crucial for predicting system behavior, identifying design 450 

constraints, and accelerating the development of next-generation biomanufacturing 

platforms.  452 

Overall, this work highlights the power of integrating automated kinetic modeling 

with experimental data to systematically explore and optimize complex metabolic 454 

networks. By streamlining the reconstruction and parameterization of kinetic models, our 

framework enables predictive simulations that can guide targeted interventions and 456 

rational design strategies. As cell-free platforms continue to diversify and expand in 

application, such computational tools will play an increasingly central role in navigating 458 

the design space, reducing experimental burden, and accelerating the development of 

efficient, scalable bioproduction processes. 460 
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Methods and Materials 

Cell-free protein synthesis reactions 494 

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 496 

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

across samples. For reactions containing three or fewer genes, reactions were 498 

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 500 

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 502 

Labcyte 525) into Labcyte 384-well destination plates (001–14555). The 384-well plates 

were then incubated at 30 °C overnight. 504 

Cell-free bioproduction reactions 

Cell-free bioproduction reactions were mixed in 25 μL containing 2.5 μL of CFE-506 

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 508 

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 510 

substrates and cofactors. Detailed information about sample preparation can be found in 

Methods S3. For reactions involving more than three enzymes, enzymes and chemicals 512 

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, 514 
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AB0626) and the reactions were run for 4–8 h at room temperature. In general, reactions 

containing three or fewer enzymes were run for 4 h, while larger reactions were run for 8 516 

h. 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 518 

reaction, samples were quenched with 2 vol of acetonitrile to denature proteins. The entire 

sample volume was then filtered using 96-well 0.2 μm Supor membrane plates (Cytiva: 520 

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. 522 

Metabolite quantification with LC/MS 

Samples were analyzed via Agilent 6530 LC/Q-TOF in negative mode using a BEH Amide 524 

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 526 

was LC/MS grade water and the organic phase was 95/5 acetonitrile/water with 10 mM 

ammonium acetate and .04% v/v ammonium hydroxide. The % aqueous/organic gradient 528 

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 530 

was held at 0.5 mL/min. 

  532 
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Conclusions and Future Directions: 

This work advances the synthetic biology toolkit by developing modular, programmable 664 

CRISPRa/i circuits and complementary computational frameworks for engineering 

prokaryotic systems. By integrating programmable, multi-layer genetic circuits with data-666 

driven kinetic models, we demonstrate a comprehensive platform for rationally 

engineering prokaryotic hosts toward complex phenotypes and biosynthetic functions. 668 

These systems are foundational to enabling dynamic, multi-gene control and predictive 

metabolic engineering in industrially and environmentally relevant bacterial chassis. 670 

We established strategies for building and layering CRISPRa/i circuits capable of 

temporal control, signal integration, and logic-gated gene expression. Using orthogonal 672 

promoter-guide RNA pairs and improved activatable promoters, we constructed 

regulatory motifs to interface with diverse input signals, including light, small molecules, 674 

and peptides. This work demonstrates the feasibility of constructing multi-layer genetic 

circuits that can execute temporally resolved, conditional gene expression programs in 676 

both cell-free and cellular contexts. Building upon the foundation of tunable CRISPRa/i 

regulation, future work will focus on constructing higher-order transcriptional programs 678 

that implement dynamic signal processing, memory, and feedback control. Specifically, 

we aim to design and validate circuit motifs such as incoherent feedforward loops (IFFLs) 680 

for pulse generation and noise filtering, multi-stage cascades for temporal gating, and 

recombinase-based memory switches for long-term state encoding. These motifs are 682 

integral to the development of living biosensors and actuators capable of responding to 

fluctuating environmental cues with robust and programmable outputs. 684 
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Moving forward, a critical priority is the extension of these tools beyond Escherichia coli 

to more metabolically and physiologically diverse organisms. Other bacterial hosts such 686 

as Pseudomonas putida, a solvent-tolerant and metabolically versatile species, Bacillus 

subtilis, a spore-forming bacteria with a long history of industrial use, and purple non-688 

sulfur bacteria (PNSB), which exhibit photoheterotrophic and nitrogen-fixing capabilities, 

offer unique advantages for carbon conversion and sustainable bioproduction. However, 690 

porting genetic circuits across species requires addressing host-specific variation in 

transcriptional regulation, promoter activity, and CRISPRa/i machinery function. To 692 

facilitate cross-species portability, we propose systematic characterization of synthetic 

promoters and CRISPRa/i components across different bacterial species using high-694 

throughput reporter assays and RNA-seq, and optimizing Cas protein expression and 

stability. These data will inform the development of promoter libraries with tunable 696 

dynamic ranges and predictable input–output behaviors across phylogenetically distinct 

backgrounds.  698 

On the computational side, we developed automated workflows for assembling kinetic 

models of cell-free lysate metabolism using quantitative proteomic and metabolomic 700 

datasets. By coupling reaction network construction with parameter estimation pipelines 

and curated kinetic data, we enable the simulation of dynamic metabolic responses to 702 

system perturbations. Future directions include the application of these modeling tools to 

heterologous pathway prospecting, enabling the identification and evaluation of candidate 704 

biosynthetic routes based on pathway thermodynamics, enzyme kinetics, and host 

network compatibility. Importantly, this modeling strategy is inherently extensible to 706 

lysates derived from other prokaryotic hosts. By applying the same workflow across 
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diverse lysate systems, it is possible to construct species-specific kinetic models that 708 

reflect native cofactor availability, endogenous enzymatic backgrounds, and energy 

metabolism. This capability opens the door to comparative evaluation of heterologous 710 

biosynthetic pathways across lysates, providing an orthogonal strategy for host selection 

and metabolic pathway screening in silico, prior to the implementation of pathways in vivo. 712 

Such predictive comparisons may reveal host-specific constraints or advantages that 

would otherwise require extensive strain engineering to uncover. If expanded to model 714 

bacteria metabolism, these models complement static flux-based approaches by 

capturing transient flux distributions and enzyme capacity constraints—critical features 716 

for modeling inducible and dynamically regulated pathways. Together, these tools will 

support a rational, data-driven approach to pathway engineering, strain optimization, and 718 

host selection across a broad range of prokaryotic platforms. 

Overall, the integration of programmable CRISPRa/i regulation with kinetic metabolic 720 

modeling represents a step toward a unified, quantitative design-build framework for 

prokaryotic systems. By enabling the co-optimization of regulatory logic and metabolic 722 

flux, these tools lay the groundwork for the development of robust, responsive, and high-

performing microbial platforms for bioproduction and adaptive environmental sensing.  724 
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