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Abstract: 

Biosensors are biological polymer based technology that detect an input signal, 

propagate the signal, and allow the quantification of a measurable output. The input can 

be small molecules, proteins or environmental stress leading to an output such as 

electrical impulses, luminescence, or fluorescence. Transcription factors (TF) can be an 

ideal targets for biosensor development as they natively regulate gene expression 

under an input stimulus. TFs have been used as biosensors in protein and metabolic 

engineering, point of care testing and autonomous genetic circuits. Transcription factors 

are abundant amongst pro- and eukaryotic cells that lends well to genomic mining of 

naturally occurring TF-input interactions. While there has been increased efforts in 

discovering new TFs, they are not fully characterized which can limit their use as robust 

biosensors. To overcome challenges faced by native transcription factors, we can 

employ synthetic biology tools and engineer their functionality for improved sensitivity or 

specificity. In this dissertation, we combine the use of high throughput screening, NGS 

data generation and machine learning guided mutation prediction for accelerated 

engineering of transcription factors. We developed BmoR10mut, a ten amino acid variant 

with improved activity towards butyrate in a single round of engineering. We want to 

utilize this biosensor for gut microbiome therapeutics for regulation of butyrate the gut. 

Using this engineering workflow, we also improved the activity of CymR for the detection 

of root exudate, p-cumate, by nearly 10-fold in klebsiella variicola. We intend to use the 

improved variants for inducible control of bacterial nitrogen fixation in kv and increased 

delivery of ammonia to plants. 
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Chapter 1: Transcription factors and their role as 

biosensors 

Introduction: 

Transcription Factors as gene regulators: 

The development and maintenance of living organisms relies heavily on their ability 

to control gene expression. This involves responding to external stimuli in an adaptable 

manner. This ability to adapt to the environment, whether that is a single celled bacteria 

or a multicellular human, is essential to the survival of the species. Organisms employ 

several methods to regulate and respond to the environment, a key feature being the use 

of genetic transcription factors. 

Transcription Factors (TFs) are proteins that regulate the expression of genes 

often under a specific environmental stimuli. Upon receiving a signal, TFs enable the 

transcription of DNA to messenger RNA (mRNA) for downstream protein synthesis. This 

stimulus can be a variety of inputs including small molecules1, protein-protein interactions 

2, phosphorylation and dephosphorylation3 or environmental stress such as heat 4. To 

encompass such a wide range of inputs, organisms have developed methods to utilize 

TFs for efficient control of gene expression. TFs tend to be highly specific towards their 

input as well as the stretch of DNA they bind to, called the operator sequence.  
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Bacterial Transcription factors: 

Transcription factors are ubiquitously present in all organisms serving this vital role. 

In this work, I will mostly focus on prokaryotic, specifically, bacterial transcription factors. 

Most of the current understanding of bacterial TFs began with the introduction of the 

operon model by Jacob and Monod in the 1960s which postulates that gene expression 

is controlled by promoters whose activity fixes the transcription of one or more 

downstream genes 5. Monod’s work on the expression Escherichia Coli lactose operon 

along with Jacob’s research on the behavior of bacteriophage lambda’s switching 

between the lytic and lysogenic cycles established a framework for gene transcription 

dependent on promoters regulated by transcription factors. Through work done following 

the operon model, it became apparent that it became apparent that process of DNA 

supercoiling and the abundance of nucleoid-associated proteins that were thought to bind 

with low sequence specificity to sculpt and compact bacterial chromosomes, also had a 

direct role on transcription. Despite its widespread acceptance, the operon model painted 

a more simplistic picture of DNA transcription and that bacTFs operated in a perfect 

manner6. This led to work spanning over five decades of experimentation and generation 

of a vast amount of data valuable towards understanding fundamentals of gene 

expression as well as developing key tools for synthetic biology. 

The cyclic AMP receptor protein (CRP) is a well characterized transcription factor 

in its role in regulating the lac operon along with LacI. This operon is required for the 

transport and metabolism of lactose in several bacterial species. Most bacteria prefer 

glucose as a source of energy but in no glucose environments, the lac operon offers an 
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effective way to metabolize lactose using the enzyme Beta-galactosidase. Under low 

glucose condition, bacteria produce cyclic adenosine monophosphate (cAMP) which 

binds to CRP forming the CRP-cAMP complex 60bp upstream of the transcription 

initiation site. The complex promotes RNA polymerase binding to the lac promoters7. This 

activity is interesting to me since the pathway forms a simple network of metabolite 

crosstalk in a logic gate like manner. If glucose is absent, only then look for lactose. If 

lactose is present only then make Beta-galactosidase so the host can survive. It gives us 

a snapshot of how even single cell organisms have evolved to survive in various stressful 

environmental conditions. 

Structural understanding of TFs: 

TF domains and their activity: 

Unlike siloed graduate students during PhD, transcription factors interact heavily 

with other proteins and protein-complexes to enable gene expression. This machinery 

involves DNA interaction with specific σ factors that recruit the highly conserved RNA 

polymerases (RNAP) along with various activator proteins forming the RNAP holoenzyme. 

This complex binds and unwinds the coiled promoter DNA forming the open promoter 

complex (RPo) which allows the RNAP to transcribe DNA into messenger RNA (mRNA)8. 

TFs function as the initiation signal for the formation of the RPo.  

TFs are classified based on their interaction with σ factors. TFs that interact with 

the housekeeping σ70 are called σ70 dependent TFs while σ54 interacting TFs are labeled 

as σ54 dependent Transcription factors9. There are other σ factors present in bacterial 
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cells, however σ70 and σ54 are the two major classes. This provides a fundamental basis 

for a class of TFs as it also informs their structure. σ70 is the most common σ factor utilized 

by cells and the largest class of TFs in bacteria10. On the other hand, σ54 TFs tend to be 

rarer as they are often employed under stress conditions for the host cells11. They are not 

as well studied as the σ70 class of TFs but offer a unique mode of transcription initiation. 

This gives us insight into how cells can have stricter control over gene expression.  

The structural understanding of these bacterial TFs and their associations is crucial 

to the dissemination of their mechanism of action. Transcription factor activity is broadly 

divided into either activators, which bind DNA upon receiving a signal, or repressors which 

unbind DNA upon receiving a signal. In both cases, this change in binding leads to either 

up- or down-regulation of gene expression. Generally, TFs comprise of two domains: an 

effector binding or protein-protein interaction domain and a DNA binding domain. The 

former is involved in signal recognition by binding to the effector which in many cases is 

a metabolite containing information about the extracellular environment12. These effector 

molecules bind at a distal location near the protein surface leading to conformational 

change in the TF for downstream activity. This coupled interaction amongst the distal 

region of the protein to alter function is called allostery and the TFs labeled as allosteric 

transcription factors (aTFs)13. The DNA binding domain contains the conserved helix-

turn-helix motif that binds directly to the operator region of the DNA14,15.  

In this discussion we focus on proteins that contain both these domains and are 

singularly involved in both functions of signal propagation. However, bacterial cells also 

contain two-component systems which comprise of two distinct proteins, one involved in 
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signal reception and the other nucleotide binding. This system commonly uses 

phosphotransferase activity by a receptor kinase domain onto a response regulator for 

DNA binding16.  
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Figure 1: A basic schematic of the types of TF and their mechanism of activity. a) 
Activators are transcription factors that directly enable downstream gene expression in the 
presence of detectable effector concentrations. They usually exist in solution and help recruit 
RNAP complex, bind to their sigma factor or help bend DNA for transcription initiation. Genes 
under an activator’s control tend to be more environmentally sensitive allowing alternate 
survival methods in the presence of different metabolites. They generally interact with DNA 
upstream of the promoter region. B) Unlike activators, repressors are transcription factors that 
natively contact their operator DNA sequence physically blocking the promoter access of the 
RNAP complex. Upon effector binding, repressors undergo conformation change which leads 
to DNA unbinding and transcription initiation. A lot of prokaryotic TFs used in synthetic biology 
are repressors as they are better understood and can be easier to implement in a workflow. 
Repressors contact DNA either overlapping the promoter sequence or very close to it. 
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Activators: 

Activators are TFs that directly enable the expression of genes by binding to the 

upstream DNA region (operator) of an open reading frame (ORF) (Fig. 1a). σ70-

dependent activators fall into either Class I or Class II. The two classes differ in their DNA 

binding region as well as their protein-protein interactions. Class I TFs bind DNA in the -

61 and -91 region which is quite a bit upstream of the promoter -35 element17. The earlier 

discussed cyclic AMP receptor, CRP, is a well understood example of class I mechanism. 

Class II activators bind in an overlapping region of the σ factor at the -35 promoter region 

while contacting the domain 4 of the RNA polymerase σ subunit. The best example of 

class II TF is the activation of bacteriophage λ PRM promoter by the bacteriophage λCI 

protein. λCI binds to an intermediate from the closed RNAP holoenzyme to the open 

complex promoting isomerization and gene activation18. 

The third major type of activators belong to the σ54 dependent transcription factors 

which use ATP hydrolysis to generate enough energy for the isomerization of the closed 

complex into an open complex. These AAA+ family of proteins contain an additional 

domain that performs ATPase activity. They bind to an upstream activating sequence 

(UAS) located at 80-150bp upstream of the ORF similar to eukaroytic enhancer proteins 

labeling them as bacterial enhancer-binding proteins (bEBPs)19. The interaction of UAS-

bound bEBP with σ54 requires DNA looping, which is often facilitated by DNA bending 

proteins such as the integrative host factor (IHF)20. bEBP family of proteins are not well 

studied but some of the better understood examples include E. coli PspF21, Salmonella 

enterica NtrC22, E. coli NorR23. σ54 dependent TFs are typically used by cells under stress 
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conditions such as phage infection or nitrogen scarcity. BmoR is a σ54 dependent 

transcriptional activator found in Thaurea Butanovorans canonically involved in the 

activation of the butane monooxygenase (Bmo) operon24. This operon enables the growth 

of T. butanovorans in short and medium chain alkanes (C2-C8) with BmoR being induced 

by butanol. Chapter 2 of this dissertation will discuss this protein further along with our 

engineering efforts. 

Repressors:    

Repressors are transcription factors that are natively bound to their operator in the 

resting state to prevent subsequent binding by the RNAP holoenzyme (Fig. 1b). In the 

presence of the signaling molecule, repressors undergo conformation change causing 

them to leave the bound DNA allowing the RNAP complex to bind to the promoter and 

initiate transcription. Repressors are also popularly used as regulatory elements in the 

synthetic biology field to control plasmid gene expression in host cells25. However, there 

are multiple steps between input of signal and output of gene. While most known 

repressors are bound to the operator sequence in their resting state, recent studies have 

shown other methods of repression. TFs in this case bind to the DNA sequence 

simultaneously with RNAP but inhibit transition of the RPc (closed complex) to RPo (open 

complex). MerR is one such repressor that prevents the expression of Tn21 mercury-

resistance (mer) locus in the absence of mercuric ions (Hg(II)) but binds to the DNA along 

with the RNAP holoenzyme26,27.  

Promoter clearance is the process of RNA polymerase detaching from the 

promoter region for extension of the transcribed mRNA along the DNA template. RNAP 
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can be stalled and gene expression repressed at the +6 to +12 region in vivo if the binding 

to the promoter is very strong28. The H-NS protein with the rrnB P1 promoter is an 

interesting example of clearance based repression method. The global repressor H-NS 

TF binds to an overlapping promoter region while allowing RNAP binding and RPo 

complex formation29. While initiation does occur, H-NS TF inhibits generation of 

transcripts larger than two-three nucleotide. H-NS is thought to change the structure of 

the RNAP open complex which prevents elongation of the transcribed mRNA30.  

One of the most popularly used and studied aTF repressors is LacI serving as a 

model system for fundamental research in allostery as well as for a broad range of 

technologies such as synthetic biology systems, biomanufacturing and healthcare. LacI 

functions as a homotetramer that natively represses the lactose metabolizing operon (lac 

operon). In the absence of high amounts of lactose, lacI remains bound to its operator 

preventing expression of lactose metabolizing gene lacZ which encodes lactose 

metabolizing Beta-galactosidase. In the presence of high lactose concentration, basal 

activity of Beta-galactosidase converts lactose to allolactose which binds to lacI 

monomers leading to conformation change, unblocking of the operon promoter region 

and initiating gene expression of Beta-galactosidase. The conversion of lactose into 

allolactose serves as a positive feedback loop31,32. 
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TF as biosensors: 

Whole-cell biosensors: 

The above discussed ability of transcription factors lends well to their capability as 

biosensors, molecules that take in an environmental input to produce a measurable 

output. Biosensors can be a variety of different macromolecules such as anti-bodies, DNA 

scaffolds or TFs. Several of these biosensors have been employed for industrial 

applications and are poised to further increase in their usage33,34. Enzyme based 

biosensors have been used to detect heavy metal ions in water samples to prevent heavy 

metal toxicity35,36.  

Transcription factors fall into the class of whole-cell biosensors which use 

biochemical reactions within living host cells to detect and respond to environmental 

changes. This technology can be effectively targeted towards detecting signals that are 

valuable for our needs37,38. TF based biosensors are popularly used in the metabolic 

engineering field to improve the yields of key molecules produced by host cells often 

coupled with engineering efforts to improve those yields39.  

Transcription factors have highly specific switch like response to external inputs 

which requires organisms to employ a wide variety of TFs for different molecules and 

interactions. Often, genome mining is used to discover more of these TFs for metabolites 

of interest and then refactor them for industrial applications. P2TF40, TF2DNA41, 

CollecTF42 and SigMol43 are among a few databases that aggregate information about 
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transcription factors, including their position in fully sequenced genomes, TF binding 

motifs and quorum sensing molecules as their signaling targets.  

 

 

 

 

 

 

  

Figure 2: Understanding TF activity and the tunable parameters. a) A typical output 

of a TF activity for a fluorescent reporter system. The measurements are taken at a 

range of different substrate concentrations from inactive to maximally active giving us 

a sigmoidal curve.  This concentration range is the detection range of native TFs and 

can be non-valuable for our needs. The concentration of substrate at half-maximal 

activity is termed the K1/2. b) The sensitivity of a TF biosensor can be engineered to 

extend its detection range. This is often done to make the biosensor more sensitive 

and reduce its K1/2. c) The output difference between the inactive and active state of 

the switch like response is its dynamic range which heavily impacts the practicality of 

the TF. For practical use of TFs having a dynamic range of >5-10x is good to avoid a 

lot of noise in the system. d) Not every known molecule has a regulator that binds to it. 

Substrate specificity can be engineered to improve binding affinity towards other 

molecules and/or decrease affinity towards the native substrate.    



12 
 

Efforts towards TF engineering:  

Transcription factors natively may not be useful for industrial applications of 

biosensors due to low dynamic range, non-important detection range or lack of specificity 

towards target molecule. TF activity is represented as a substrate concentration curve 

with different facets that can be improved (Fig 2a). The concentration at which we see 

half-maximal activity of TF is termed K1/2 and is the midpoint of detection range. This 

range can be engineered to make the TF biosensor more effective at concentrations of 

interest44 (Fig 2b). The change in output from the “off” state to the “on state” is the 

dynamic range of the TF and can play a significant role in the practical use of TFs as 

biosensors. Having a significant dynamic range (>5-10x) can enable effective detection 

of the signal molecule while low dynamic range can be very noisy45 (Fig 2c). Finally, the 

input for the TFs tends to be highly specific with potential basal activity on structurally 

similar molecules. Engineering TFs can often involve changing or altering specificity to 

bind to molecules that are highly valuable to us while having no discernible value for 

nature46 (Fig 2d).  

The methods to make such improvements seemed arduous and difficult till directed 

evolution using random mutagenesis was showcased by the seminal work of Frances 

Arnold’s with Subtilisin engineering47,48. In 1999, Zhou and Arnold used directed evolution 

to evolve Bacillus subtilis subtilisin E towards improved activity at higher temperature. 

They engineered the WT sub E to be as heat tolerant as its thermophilic homolog 

thermitase from Thermoactinomyces vulgaris with an increase in its optimal working 

temperature by 17°C49. This method does not involve extensive prior knowledge of the 
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system, nor does it need a well-defined crystal structure, major limitation of rational design 

methods used previously. Similarly, as the discovery of new TFs with new targets 

becomes commonplace, engineering methods to improve their functionality follows. 

Machado, Currin and Dixon published their work on engineering PcaV, a MarR 

family repressor, for the detection of hydroxyl-substituted benzoic acids. PcaV is natively 

involved in the regulation of catabolic genes for protocatechuic acid (PCA) in 

Streptomyces coelicolor but not much is known about this family of TFs50,51. With a need 

to detect aromatic aldehydes, the researchers looked at PcaV that canonically binds to 

an aromatic aldehyde and sought to widen its specificity towards other structurally similar 

molecules including vanillin. Since there wasn’t much information about PcaV, they 

utilized directed evolution methods to achieve their goals. They made the variant Van2, 

a three amino acid substitution from starting PcaV sequence, with 8-fold enhanced 

selectivity towards vanillin and 3,4-dihydroxybenzaldehyde with no activity towards its 

native substrate, PCA52.  

When enzymatic activity cannot be linked with a fluorescent like output, the 

screening methods for enzyme engineering can be limited to analytical instruments such 

as LCMS. This limits the library’s functional exploration space to a small fraction. TF 

based biosensors have found a valuable home here. They can be coupled with enzymatic 

reactions to produce a screenable output such as GFP production to enable high 

throughput screens. Metabolic engineering methods work by targeting enzymes in a 

metabolic pathway to improve the overall flux of metabolites and increase yield of a 

desired products such as biofuel valuable alcohols or building blocks such as 
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terpenoids53,54. Li et. al. coupled the production of intracellular malonyl-coenzyme (CoA) 

with β-Galactosidase activity for plate screening of high malonyl-CoA producing strains. 

This relied on the production of malonyl-CoA by a knockout library of upstream enzymes 

using transposon addition. Malonyl-CoA gets transformed into triacetic acid lactone (TAL) 

via an exogenous 2-pyrone synthase. TAL is detected by AraC producing β-

Galactosidase which acts upon the X-Gal present in the plate agar. More galactosidase 

activity leads to bluer colonies with increased production of malonyl Coa. Without this 

coupled method, malonyl-CoA detection required the use of LC-MS a lower throughput, 

time and resource intensive method. They identified a significant role played by Iron in 

malonyl-CoA production with colonies producing 4x more TAL than WT55.  

Within the past decade, there has been an immense leap in the use of 

computational methods in engineering proteins. Machine learning approaches towards 

designing better variants or de novo proteins have advanced significantly56. Recent work 

done by d’Oelsnitz et. al. focuses on combining the use of biosensors and machine 

learning to evolve an Amaryllidaceae enzyme57. The authors, using directed evolution, 

initially engineered RamR to be highly sensitive towards 4′-O-methylnorbelladine, a key 

branch point for Amaryllidaceae alkaloid. Along with the engineered biosensor, they 

utilized a structure based neural network (mutCompute X) to generate highly active 

variants of the Amaryllidaceae enzyme, rapidly screened using the previously developed 

biosensor. They found variants with 60% improved titers, 2 fold increase in catalytic 

activity and 3-fold lower off-product regioisomer formation. This is a very neat setup to 

show the feasibility of combining different synthetic biology tools to achieve our 

engineering goals.  
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However, not a lot of work has been done to use machine learning to evolve 

transcription factors themselves. Advent of AlphaFold 3 set a new benchmark in protein 

engineering as now we have access to high quality structural information for most 

proteins58. This provides a new avenue for TF engineering along with other methods to 

accelerate the process of new variant development. In later chapters, I will talk about two 

projects which involve transcription factor engineering using directed evolution combined 

with machine learning models to generate enhanced variants. 

Challenges in TF engineering: 

Transcription factors provide a strong fundamental technology for biosensor 

applications however, they can be difficult to implement. In this section, I wanted to 

highlight some challenges I faced in my efforts towards TF engineering. 

A major roadblock can be the lack of understanding of the transcription factor. 

While we can engineer proteins without the need to fully understand them, having 

insufficient information regarding the underlying biology can lead to prolonged project 

times and lots of troubleshooting. This manifests as problems in assay development 

especially with reproducibility between run and biological samples. Systems developed 

by other researchers may not always work as described, which can be due to differences 

in researcher skill, equipment usage or even just the physical environment of the 

scientists. The vastness of available prokaryotic TFs is undermined by our lack of 

understanding of the different kinds of TFs and usually a few get selectively optimized. 

Taking time to understand your plasmid system and its underlying biological mechanism, 

given the distinct functions of the transcription factor, can be very valuable. Engineering 
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TFs can often involve parallel screening to ensure specificity. Mutations that impact 

effector binding can lead to promiscuous activity. In many cases this can be a trivial 

problem as the application for biosensor removes the presences off-targets present but 

this can be hurdle when used in therapeutic applications. This problem is often addressed 

by conducting those parallel screens and reproducible output to ensure desired specificity.  

Another challenge with TF engineering that often gets overlooked (I am guilty of 

this as well) is the variability of activity due to the phenotypic variants generated by a 

population of bacteria. Since TFs facilitate gene expression, bacteria adapting to different 

environments can lead to variable expression of the TFs and their outputs. I observed this 

in my work with TFs and aimed to mitigate it with multiple passages of colonies on plates 

and picking colonies with optimal TF activity. Another not so addressed issue is the 

variability when using TFs in different host cells. While TF activity is optimized for either 

DNA binding or effector binding, their function is usually engineered in model organisms 

such as Escherichia coli or saccharomyces cerevisiae. While the easier answer may 

sound like using the intended host during the engineering process, not every bacteria or 

organism is usable in laboratory settings. Sometimes it’s feasible to ignore this problem 

since the engineered variant gets used in the same or other model organisms. However, 

it is prudent to transfer the biosensor in the host organism of interest to ensure activity 

remains desirable.  

The above represent an overarching theme of ensuring reproducibility in biological 

ventures. Synthetic chemical methods became popular for drug development and natural 

product synthesis due to ease of access, faster time scales and reproducibility. In our 
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advancement in synthetic biology to promote green chemistry and improve upon our 

industrial methodology we can overlook fundamental gaps in utilizing this technology. As 

these challenges stand in front of every TF based biosensor, it is possible to mitigate 

them to a good extent. For me the process involved lots of trial and error as well as sharing 

my engineering experience with colleagues to avoid similar mistakes.  

Future of biosensors: 

The environmental demands of our society are increasing as the need to protect 

our planet grows rapidly. Addressing this issue while maintaining the current state of the 

world would require the shift in the current chemical manufacturing, replacing organic 

solvents with water, minimizing use of precious metal catalysts with enzymes in living 

organisms and increasing the use of less-toxic reagents. TF based biosensors can play 

a key role to enable this biomanufacturing model for chemical production. Several known 

TFs have been developed to detect important amino acids 59, antibiotics60, sugars61 and 

plant metabolites62. They have been used extensively in metabolic engineering for 

improved chemical synthesis. A good potential target for TF biosensor based engineering 

would be in developing minimal cells which are host organisms with basic survival 

functions intact along with exogenous over expressed pathways. This allows minimal cells 

to act as chemical factories without requiring a host of different resources that are needed 

by native organisms. Using TF biosensors, we can engineer metabolic pathways to 

improve their flux along with learning about non-essential biochemical pathways.  

As I look towards industrial applications of TF based biosensors, it holds immense 

value in academic settings. I say this especially in regard to the effect of endogenous 
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metabolites present in the gut. Our understanding of the spatial organization of the gut is 

poor to say the least. Lots of amazing work is being done to learn about this large 

community of bacteria and fungi, adding gut metabolite sensing TFs can give us a glimpse 

into the network of this community. Using tissue penetrating reporter systems such 

anaerobic florescent proteins63 or bioluminescence64, it is possible to apply these 

biosensors in live mouse models to monitor real time spatial arrangement of metabolite 

in the gut.  

In my opinion, there is an unfulfilled need to develop a library of accessible 

biosensors for academic and industrial applications. Some very talented colleagues built 

an online database (GroovDB) for known TF-effector combinations65 with over a 100 

regulators and 150 effectors. Tools such as these will be vital in information sharing and 

parallel testing for researchers that want to use TFs but do not have to engineer them. A 

step forward would be to make a physical library of lab strains and plasmids containing 

these biosensors for “off-the-shelf” use. While this approach of building a biosensor library 

wasn’t my focus during graduate school, I think there is room for developing this 

technology down the line. 
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Chapter 2: Machine learning aided engineering 

of BmoR as a biosensor for butyrate 

Abstract: 

Butyrate is a short chain fatty acid produced in the gut with several beneficial function 

towards the host. Characterizing and regulating butyrate in the gut can be a valuable 

therapeutic avenue which requires the ability to detect butyrate and initiate downstream 

activity. Here, we engineered a σ54 transcription factor, BmoR, using NGS based data 

generation and machine learning assisted mutation prediction. Our engineered variant, 

BmoR10mut, contains 10 mutations at once compared to WT with a 2-fold increase in 

activity. BmoR10mut also exhibits 3-fold improvement in activity in spent media assay of a 

simple butyrate producing gut microbiome community.  

Introduction: 

Cardiovascular diseases (CVD) account for 31% of the deaths worldwide, making 

them the leading cause of death around the globe1. Recently, studies focused on the gut 

microbiome have demonstrated a close link between gut health and cardiovascular 

health2,3. Short-chain fatty acids (SCFAs) are major metabolites in the gut produced via 

fermentation of the dietary fibers and resistant starch. Butyrate, an SCFA along with 

acetate and propionate, serves not only as the primary source of energy for the 

colonocytes, but also regulates many cellular functions within the gut and host organs4,5. 

Butyrate has been shown to have significant impact outside the gut being involved with 
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blood pressure regulation, improved glucose and lipid profiles, improved cardiovascular 

health and promoting sleep6. Gut microbes such as butyrate producing firmicutes develop 

a microbiome community by cross feeding metabolites to sustain growth. Low-fiber diets 

can lead to a lack of metabolites exchange and low production of butyrate causing bowel 

inflammation7,8.  

The vast collection of microbes in the gut are thought to exist in specific spatial 

niches throughout the G.I. tract such as the colon, intestinal lumen, mucus layer 

separating the lumen and gut epithelium and even the microscopic folds in the gut 

epithelium (crypts) producing a variety of different metabolites that impact the host9. It is 

important to understand this metabolite composition with accurate measurement of their 

levels in the various parts of the gut10. Specifically, the amount of gut butyrate is variable 

throughout the gut without a strong consensus on precise values with some reporting a 

range of 10-40mM11,12. There is an unmet a need to better understand butyrate levels in 

the gut as well as the capability to maintain a healthy concentration of butyrate enabling 

novel live microbial therapeutics7,13. One crucial aspect in this process involves the ability 

to detect butyrate in the gut. 

In this work, we utilized an NGS based directed evolution workflow to engineer a 

transcription factor (TF), BmoR, with improved activity towards butyrate. We utilized error-

prone pcr to generate the mutant library that was screened using florescence assisted 

cell sorting (FACS). Over the last decade, we have seen a significant increase in the use 

of machine learning to aid engineering efforts14 often using data rich input15. We used an 
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enrichment-based ML model, Positive Unlabeled learning (PU-learning), to analyze the 

screened dataset and obtain favorable mutations.  

  

Figure 3: Engineering workflow and initial activity of BmoR. (a) Error-prone pcr generates 

a random mutagenic library that can be transformed in cells of interest. This method efficiently 

uses ultra-highthrouput screening for data generation for short read NGS. Data analysis of 

obtained data can be used to predict mutations for selection as well as generate a DMS like 

dataset. This workflow can be repeated for further engineering. (b) Our BmoR engineering 

system utilizes a GFPuv reporter (ex: 405nM, em: 510nM) under BmoR inducible promoter 

and operator. The BmoR protein itself is on a constitutive PbmoR promoter obtained from 

Thauera Butanivorans and acts as an activator when induced by an effector, in this case 

butyrate/butanol. (c) WT BmoR shows activity with a 10-fold increase at 100mM butyrate 

(orange) albeit much lower than butanol (blue) with nearly 100-fold activity at 6.3mM. BmoR 

activity doesn’t saturate at 100mM butyrate, but higher concentrations start becoming toxic to 

the cells. Samples were tested using flow cytometry and analyzed with FlowJo. Dots represent 

individual samples while line values represent the mean (n = 3). Note: We see a drop in the 

Fl. value of 100mM butanol due to severe toxicity and cell death.  
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Results: 

BmoR as a putative biosensor for butyrate: 

Bacterial transcription factors (TFs) have been used more often to develop a whole 

range of biosensors for high throughput screening of small molecules and potential 

therapeutic applications16. They canonically bind to specific molecules which can be 

furthered engineered to enhance their activity either towards that specific molecule or 

potentially a different target17,18. These TFs, upon binding their molecule of interest, 

induce downstream gene expression making them an effective tool in gene circuits. TFs 

have been previously utilized in metabolic engineering as well as whole-cell strain 

engineering to improve titers of industrially relevant molecules19. In past work, E. coli Lrp 

operon was shown to natively bind butyrate but the levels of detection are lower than 

physiological levels with a two-component system20.  

To minimize multiple proteins involved in our system, we selected BmoR, a σ54 TF 

natively found in Thauera butanivorans that binds to small-medium chain alcohols (C4-

C6) particularly butanol21. BmoR contains the three domains, the ligand binding domain, 

central AAA+ domain, and helix-turn-helix DNA-binding domains common to members of 

the σ54 bacterial enhancer binding protein (bEBP) family 22. It was initially used as a 

biosensor to improve butanol titers in engineered strains23,24. Further work has been done 

on BmoR to improve its activity towards other small chain aliphatic and branched 

alcohols25,26. With structural similarity between butyrate and butanol we hypothesized that 

BmoR could bind to butyrate and induce fluorescent protein expression. We aimed to use 

a traditional directed evolution workflow generating a mutagenic library using error-prone 
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pcr transformed into E. Coli cells. With an in vivo GFPuv reporter system, we used a 

FACS based screening method to comb through large libraries followed by NGS 

sequencing and machine learning based data analysis to obtain the improved mutations 

for BmoR (fig 3a).  

The in vivo BmoR engineering circuit was obtained from the Keasling lab23 (fig. 

3b). BmoR acts as an activator that initiates gene expression via a hexameric central pore 

which interacts with the substrate. However, the mechanism for substrate activity and TF 

interaction with ATP is not well known for BmoR and most other σ54 TFs27. Working with 

BmoR, we found its activity to be very variable between experiments even with heavy 

optimization attempts. We refactored this system to obtain more robust and reproducible 

results. The refactoring involved codon optimizing the BmoR sequence for E. Coli as well 

as introduced the CA(129,130)TC mutation in the BmoR upstream activating sequence 

(UAS)32. Initial screening of BmoR showed activity towards butyrate at higher mM ranges 

with 10-fold increased activity at 100mM from 0mM, although nearly 15x lower than 

butanol (Fig 3c). BmoR doesn’t saturate at 100mM butyrate which constitutes 10% of 

media volume after which higher concentrations of butyrate lead to increased toxicity in 

cells. We already observe this level of toxicity at 100mM butanol where the sharp 

decrease in fluorescence was directly due to increased cell death.  
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Figure 4: BmoR FACS screening and NGS data analysis. (a) BmoR has three distinct 

domains common to bacterial σ54 transcription factors: Effector binding domain, AAA+ ATPase 

central domain and the Helix-turn-Helix (HTH) motif containing DNA binding domain. To 

minimize background noise in our library, we restricted our engineering efforts to the effector 

binding domain consisting of the top 250 amino acids. (b)&(c) We analyzed the NGS dataset 

using PU-learning to obtain quantitative effects of observed mutations. The heatmap shown 

here compares the coefficient values of all observed mutations for each position in either the 

uninduced library (top) or the butyrate induced library (bottom). Red indicates activating 

mutations while blue is inactivating ones. We see mutations mostly being inactive while active 

mutations scattered throughout the region. To improve sensitivity, we looked for mutations with 

negative/low coefficients for the uninduced population while being positive for the induced 

populations. (d) The list shows all the 10 mutations we picked, making a single mutant 

sequence for each mutation as well as a sequence containing all 10 mutations (BmoR10mut). 

The grey boxes in the heatmaps highlight regions containing the picked mutations with the red 

circles highlighting the amino acid picked.       
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DMS of BmoR effector binding region: 

BmoR is proposed to form a hexameric complex upon effector binding and induce 

gene expression from a distance by looping DNA, similar to eukaryotic enhancer 

proteins24. Due to a gap in the understanding of the ligand binding region of σ54 based 

transcription factors along with minimal information known about BmoR, we decided to 

engineer BmoR using random mutagenesis. However, this multi-domain, 667 amino acid 

protein with distinct functions has a massive sequence space to explore which can be 

quite a challenge when generating random libraries. We limited our exploration space to 

target the first 250 amino acids containing the effector binding domain (fig 4a). We used 

error-prone pcr, an easy and very effective method28, for the generation of a random 

mutagenized library. We found by varying the amount of Mn added, we could control the 

mutational rate of the mutagenic region in a near linear fashion (S1) giving us better 

control on the sequence-space exploration. We utilized golden gate cloning, a highly 

effective ligation method to insert the mutagenized region into the our backbone29 to 

obtain a large library size. Given the scarless nature of golden gate cloning, we used a 

CcdB based selection method to avoid false positives upon ligation.  

We screened the transformed library at 0mM (uninduced) and 100mM (induced) 

butyrate to find BmoR variants with improved sensitivity towards butyrate. We observe 

that the induced library has an increase in its activity as compared to the uninduced 

population (S2) while most of the library was inactive, as expected. We collected the top 

25% of the GFP fluorescence population of the samples to compare the mutational 

pattern amongst them. High throughput NGS can lead to high background sequencing in 

regions of no interest of the plasmid. Using restriction enzyme digestion, we reduced 
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background sequencing by about 4.5 fold and increased read efficiency. We obtained 5-

10 million reads for each of the samples giving us ~10x oversampling to better capture 

the entirety of the mutational space. We aligned the reads using Bowtie, an efficient short 

read aligner30, to generate a multiple sequence alignment (MSA) off the reference 

sequence, WT BmoR. We then strip the aligned reads to obtain count for each mutation 

observed in the pre-sorted and post-sorted populations followed by recreating mutagenic 

sequences using the WT while substituting the observed mutations at each residue based 

on their read count.  

This set of sequences acts as the input for our Positive-Unlabeled learning (PU-

learning) algorithm, an enrichment based regression model, meant to give relative 

quantitative data for each observed mutation31. For each condition, the model outputs a 

set of coefficients (S3), positive values indicating enriched mutations in the post-sorted 

conditions while negative being de-enriched. Positive and negative values can be 

interpreted as activating or deleterious mutations respectively, for that specific condition. 

Our replicates show a good correlation between each other with the pearson correlation, 

r>0.90 (S4).  A heatmap of the PU-learning coefficients highlights the mutational pattern 

at various residues showcasing a non-exhaustive DMS library of the BmoR N-terminus 

effector binding region for uninduced populations (fig 4b) and the butyrate induced 

population (fig 4c). Most mutations are deleterious while we see activating mutations 

scattered throughout the region. We set filtering parameters focused on low background 

activity selecting mutations with low uninduced coefficients rather than high butyrate 

induced coefficients. The grey boxes show the regions of interest in the BmoR effector 

binding region and the red circles indicate our selected residues. Using a 99% confidence 
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level (p<0.01) and filtering the coefficients, we obtained a list of 10 mutations for further 

testing (fig 4d). We generated a set of 11 sequences, one for each of the individual 

mutations as well as one sequence containing all the 10 mutations which we call 

BmoR10mut. 

  



38 
 

 

 

 

 

 

 

 

 

 

  

Figure 5: Testing and visualizing the variants. (a) After we codon optimized BmoR for E. 

Coli as well as added CA->TC mutations in the BmoR operator region, we observe improved 

robustness of our system. We do see a near 2-fold increase in activity of BmoR10mut over WT 

in a more robust manner. Furthermore, there is 1.2-1.5 fold increase in activity of BmoR10mut in 

the 10-50mM physiological range more relevant for the gut microbiome. Dots represent 

individual samples while line values represent the mean (n = 3). (c) We used AlphaFold 3 to 

predict the structure of BmoR10mut with high confidence. Left: BmoR10mut containing the three 

distinct domains of BmoR joined by loop like linking sequences. Green: Effector binding 

domain, Red: Central ATPase domain and Yellow: DNA binding domain. Right: BmoR10mut with 

the 10 picked mutations in the effector binding region. We see them mostly on the surface of 

the protein with hydrophilic amino acids potentially interacting with the solvent or other BmoR 

monomers for improved stability.       
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Bmor10mut design and test: 

We assessed the individual variants with titrating butyrate from 0mM to 100mM 

showing an improvement in the fold-change of our variant sequences with the BmoR10mut 

performing the best (S5). Post-refactoring, we see a robust response of GFPuv 

expression and a 2-fold increase in activity of the BmoR10mut with a minimal increase in 

background (Fig 5a). Note: We did not refactor each individual variant as the BmoR10mut 

was consistently shown to be the best variant. 

Alphafold3 predicted structure of BmoR10mut shows three distinct domains linked 

by loop-like stretches of DNA (Fig 5b, left). The Central domain (red) is highly conserved 

among σ54 TFs. It contains significantly conserved motifs such as the highly GAFTGx 

(407-412aa) motif that contacts AAA+ loop σ54 factor during ATP hydrolysis and the 

GxxxxGK  (360-366 AA) motif interacting with the phosphate in ATP33. The C-terminal 

DNA binding domain (yellow) contains the Helix-Turn-Helix motif that binds to the UAS to 

facilitate DNA looping and gene transcription. The effector binding domain (green) is 

highly variable in this class of TFs and not well understood. We mapped the 10 mutations 

onto the predicted structure to visualize the residues in 3D space (Fig 5b, right). We see 

the distribution of mutations to be mostly on the surface of the protein with electronegative 

atoms (N and O) jetting out. Most mutations appear prominently on one side of BmoR 

which could indicate stabilizing protein-protein interactions as BmoR is hypothesized to 

oligomerize upon ligand binding24. 
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Biosensor activity in a simple gut community: 

We also wanted to evaluate the capability of our transcription factor to assess 

butyrate levels produced by butyrate producing gut communities. We looked at a simple 

community consisting of Bifidobacterium longum subs. infantis (BL) and Anaerostipes 

caccae (AC)34. AC is a butyrate producer while BL is a not a butyrate producer. However, 

Bifidobacterium longum is shown to enhance butyrate production by improving metabolite 

cross-feeding35 (Fig 6a). We assessed the ability of the BmoR containing cells to detect 

differences in the butyrate conc. between spent media samples of monocultures of AC, 

BL and a co-culture of AC-BL (pair). Analytically determined, the samples had 0, 18 mM 

and 35 mM butyrate, respectively. We observe a shift in GFPuv fl. in butyrate containing 

populations when tested with both WT and BmoR10mut with the latter having a wider 

separation between the samples (Fig 6b). Compared to the WT, we see a 2- and 3-fold 

improvement in the engineered variant’s activity in the AC and Pair butyrate containing 

samples, respectively (Fig 6c).   
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Figure 6: Spent media assay. (a) Here is a schematic of the simple butyrate producing 

community we tested. The two-member synthetic gut community comprises of Bifidobacterium 

longum subs. infantis (BL) and Anaerostipes caccae (AC). AC is a butyrate producer while BL 

is an enhancer and doesn’t produce butyrate. The two species were cultured separately BL, 

AC, and together (Pair) yielding a low (0mM), medium (18mM) and high (34mM) butyrate 

production, respectively. This was measured analytically using LCMS. (b) Histogram of the 

activity of WT BmoR (top) and BmoR10mut (bottom) in the various spent media samples. We 

see a rightward shift in the peaks of BmoR10mut in the each of the samples. (c) The activity of 

WT and BmoR10mut represented by line plot. We see BmoR10mut have a steeper increase in 

fluorescence with increasing concentration of butyrate with a near 2-fold increase in AC spent 

media and a near 3-fold increase in the BL-AC Pair spent media samples as compared to WT. 

The values represent median activity of samples measured using flow cytometry.    
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Discussion: 

Transcription factor engineering is a popular method for in vivo detection of small 

molecules leading to downstream activity which has valuable applications in building gene 

circuits17,36. Previous work was done on BmoR was focused on improving its activity 

towards its native activator, butanol, and other alcohols for improved titer production in 

metabolic engineering applications26. With our goal to build a biosensor for butyrate, a 

structurally similar molecule to butanol, BmoR provided a good target for protein 

engineering. However, BmoR is an activator, with various distinct functions, belonging to 

the σ54 dependent class of TFs making it a tricky protein to engineer22 . To minimize 

variance among replicates of BmoR expression assay, we codon optimized the BmoR 

sequence and added two mutations TC→CA in the BmoR operator region. This helped 

improve the robustness of our system. 

Initial work we did with BmoR showed some activity 50-100mM butyrate with nearly 

10x dynamic range although nearly 15-fold lower than its activity towards butanol. This 

initial activity is a good first step to improve the sensitivity of BmoR’s towards butyrate. 

The high throughput screening assay paired with NGS enabled a machine learning 

workflow for our engineering efforts. Using PU-learning on NGS reads we created a novel 

DMS dataset of the N-terminus activator binding region for BmoR. We filtered the PU-

learning dataset to obtain 10 mutations proposed to have increased BmoR activity and 

low background activity. The combination of the 10 mutations, BmoR10mut, showed a near 

2-fold increase in its activity compared to WT with low background increase. Here, we 

showed an example of 10 substitutions introduced at once to improve activity when 
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collective introduction of mutations in a single sequence can be deleterious37. The 

mutations being distributed throughout the N-terminus region indicate more indirect 

interactions with the activator potentially showcasing epistatic effect of the mutational set.  

The PU-learning model applied onto the obtained NGS reads allowed us to 

generate a better delineation between active and inactive mutations. This method can 

consider positive and negative selection by comparing data obtained under those varying 

condition enabling wide parallel screening from a single starting point. We generated a 

heatmap of the BmoR N-terminus region comparing mutations between the induced and 

uninduced populations. As expected, most mutations are deleterious or neutral towards 

BmoR activity with various pockets of activating mutations scattered throughout the 

protein. While there aren’t any obvious trends that stand out, we focused on mutations 

that have increased activity in the butyrate induced population with low activity in the 

uninduced population. Obtaining the ten mutations was not difficult but getting a 

functioning protein when combining all ten mutations was very interesting. This method 

of utilizing NGS datasets for machine learning prediction is well suited for an accelerated 

engineering process. Moreover, it enables us to combine mutations that would not be 

easily accessible in a traditional directed evolution output. In future work, we want to 

create combinatorial libraries of picked mutations to find the optimal combinations.     

Finally, we tested our biosensors in butyrate containing spent media of a simple 

butyrate producing community. This was an effective test as we got a good range of 

butyrate concentrations produced (0, 18mM and 34mM) to test our biosensor. We 

observed a 3-fold improvement in activity of BmoR10mut in this spent media assay as 
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compared to WT. Given that the various butyrate levels in the samples are in physiological 

range, BmoR10mut is a valuable start as a biosensor for butyrate detection. Depending on 

need, work can be done to further improve BmoR’s capabilities.   

The use of BmoR10mut as a biosensor for the gut still requires further testing. We 

would eventually like to put BmoR10mut in mouse models upon verifying its activity in vivo 

with an expanded gut microbiome community. This would involve using alternative 

reporter systems better suited for anaerobic conditions such as Flavin-based fluorescent 

proteins (FbFPs)38,39. Developing biosensors such as BmoR10mut is promising for use in a 

variety of applications such as in vivo protein activity characterization, downstream 

protein of interest expression, gene circuit design, enzyme engineering and therapeutic 

needs40–42. 
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Materials and methods: 

Strains, Media, and Materials: 

The original WT BmoR plasmid, BmoR_GAF, was obtained from the Keasling Lab. 

Several modifications were made to this plasmid over time to implement golden gate 

cloning, reduce WT re-ligation and improve BmoR expression assay. The list of plasmids 

is in supplemental Table 1. The Luria Broth (Miller) media (DSL24400-2000), Sodium 

butyrate (303410-100G) and 1-butanol (B7906-500ML) was sourced from Sigma Aldrich. 

The Carbenicillin (Disodium) obtained from Goldbio (C-103-5). The LB (miller) Agar 

(30620042-4) used for making plates was obtained from bioworld. The consumables used 

in the project were sourced from various vendors. The 15mL round bottom culture tubes 

(352059) were corning Falcon tubes. We used VWR 15mL conical bottom tubes (525-

0636) and 50mL conical bottom tubes (525-0610). The black with clear bottom 96-well 

microtiter plates were obtained from Thermo scientific (165305). The restriction enzymes 

and mastermixes for molecular biology were sourced from New England Biolabs.           

Error-prone pcr: 

We amplified the 1-250aa of the effector binding domain of BmoR using error-

prone PCR to introduce random mutations. We reaction mixture comprised of (1M) 

Betaine, Standard Taq buffer (1x), MgCl2 (5.5mM), DNA template (~200ng), 1:1:2.5:2.5 

ratio of A:G:T:C (0.2mM A,G and 0.5mM T,C), MnCl2 (0.05mM), forward and reverse 

primers (0.4mM each) and Taq DNA polymerase (5 units/100uL reaction volume). The pcr 

reaction was typically made in 400uL total volume and divided into 8 tubes of 50uL run in 

8-pcr strip tubes (Thermo scientific, AB2000). The reaction was cycled with initial melting 
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at 95°C for 30sec, followed by 16 cycles of 95°C, 20s melt, 63°C,30 sec extension and 

68°C,1 min elongation. The final extension was done at 68°C for 5 min. The pcr was run 

for 16 cycles to minimize amplification bias in a Bio-Rad thermocycler (T100). We 

digested the amplified library with DpnI (NEB R0176S) to remove DNA template followed 

by purification via Zymo DNA clean and concentration kit (cat# D4013). The insert 

amplification was verified using a 1% agarose gel. We wanted to keep the mutational rate 

in the library low (~1-2aa/gene) to allow generating a healthy functional fraction of BmoR 

variants while maximizing the size of the obtained library. 

The backbone was stored in Thermo scientific One shot ccdB survival cells 

(A10460) as these cells contain the anti-toxin ccdA. The cells were grown overnight in 

5mL LB cultures and plasmid prepped the following day using QIAprep Spin Miniprep Kit 

(Qiagen, 27104) following the kit’s protocol to obtain backbone plasmid. 

Electrocomp cell preparation: 

We used an E Coli. MG1655 derivative (ΔadhE) for this study which required 

generation of electrocompetent cells. The cells in this study containing no plasmid, were 

grown overnight in LB culture as seed culture. The following day, we diluted the seed 

culture 1:100 in 200mL of SOB media (RPI, S25000-1000) grown to ~0.8-1 OD and 

cooled to 4°C. The 200mL culture was divided in 4, 50mL conical tubes and centrifuged 

at 2500xg, to 4°C for 7 minutes on a Thermo scientific Sorvall ST 16 tabletop centrifuge. 

The supernatant was discarded and each of the tube washed twice with 50mL, 10% 

glycerol containing MilliQ water. The cells from each tube resuspended in 1mL of 10% 

glycerol water collected in a 15mL conical tubes with a final centrifugation step. The cells 

were concentrated in 500uL of total volume and ready for transformation. Cells not used 
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immediately are aliquoted 75uL each in 1.5mL Eppendorf tubes, flash frozen with liquid 

nitrogen and stored as stocks in -80°C. 

Golden gate cloning and transformation: 

A 50 uL golden gate mastermix was made by combining 1M Betaine, 1x T4 DNA 

ligase buffer, 1000units T4 DNA Ligase (NEB, M0202S), and 50units BsaI-HFv2 (NEB, 

R3733S) restriction enzyme. The insert and backbone were added in a >2:1 molar ratio 

respectively and water to reach the total volume of 50uL in a single pcr tube. The reaction 

was cycled for 1min @37°C and 1min @16°C for ~50-60 cycles. The samples were 

cleaned using the Zymo DNA clean and concentration kit. 

We transformed the ligated plasmid library into the freshly prepared 

electrocompetent cells via electroporation in 1mm cuvettes (Fisher, FB101) at 1.80Kv 

using the Bio-rad MicroPulser. The transformed cells were recovered for 1 hour @37°C 

and diluted into 50mL, carbenicillin containing LB media. After ~12-14 hr growth @30°C, 

we made 5, 1mL aliquots of the culture in 15% Glycerol to store as redundant stocks for 

future use.  

Post 1 hr recovery, dilution plates with 500x, 5,000x and 50,000x dilution were 

inoculated from the 50mL culture and grown overnight @37°C. We obtained a library size 

of ~1.2*10^6 transformants, analyzed by counting colonies. Individual random 10 colonies 

were picked for colony pcr followed by Sanger sequencing (Functional Biosciences). 
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Flow Cytometry and FACS: 

WT BmoR, Empty and any variants were grown overnight in 5mL LB cultures with 

carbenicillin for 250rpm, 20-22h @30°C. We then diluted the saturated cultures 1:100 

(50uL in 5000uL) in fresh 5mL LB media with antibiotics. The expression cultures are 

grown for 250rpm, 16 h @37°C with varying concentrations of butyrate: 0, 1.5, 3.13 6.3, 

12.5, 25, 50 and 100mM added after inoculation. The following day, expression cultures 

were washed 2 times with 1mL phosphate-buffered saline, PBS (137 mM NaCl, 2.7 mM 

KCl, 8 mM Na2HPO4 and 2 mM KH2PO4) with centrifugation for 10 min @3000xg. We 

resuspended the cells in 1mL PBS and then diluted the resuspension (1:50) in 1mL fresh 

PBS in 5mL polypropylene tubes (Fisher cat# 352058). For Flow cytometry, we ran the 

samples in a BD LSRFortessa X-20. The samples were excited @405nM and detected 

@510nM.  

For FACS, the samples above are ready for sorting. To collect the sorted cells, we 

made a collection tube containing 1mL of LB Media with antibiotics for each sample of 

sorted cells. The samples were run in a BD FACSAria III at the same excitation and 

emission. The collected cells were grown overnight to an OD ~1-2 to avoid significant 

amount of cell death. The samples were analyzed using FlowJo. We duplicated the 

screening to get a second replicate as a means of verifying integrity of the obtained NGS 

data in the next step. 

Next-generation sequencing: 

The pre-sorted and post-sorted cultures from the FACS screening were 

miniprepped using the QIAprep Spin Miniprep Kit to obtain the library of plasmids in each 
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sample. We digested the post-screening plasmid library samples using PpuMI and EcoNI 

to obtain a 1200bp region for illumina sequencing. The digests were run on a 1% agarose 

gel and extracted using QIAquick Gel Extraction Kit (Qiagen, 28704) following the kit’s 

protocol. The samples were submitted to UW-Madison Next generation Sequencing core 

to prepare NGS libraries using the Celero™ DNA-Seq Library Prep for the Illumina Nova-

seq. We collected 107 ± 2*106 reads for pre-sorted samples and 5*106 ± 106 for the post-

sorted populations.  

Spent media assay: 

Strain culturing for monoculture and coculture supernatants were performed 

according to methods in Clark 2021, scaled to a 30 mL culture volumes in 50 mL sterile 

falcon tubes to provide sufficient material for biosensor assays. The target inoculation 

density for each strain was 0.005, totaling 0.01 for the coculture. Optical density was 

measured using 200 uL of sample in a Tecan F200 plate reader in standard clear, flat 

bottom 96-well microplates (Grenier).  Inoculation volumes were calculated as 

Volume(inoc) = Volume(well)*0.01 OD / (Preculture OD). Strains cultures were incubated 

anaerobically at 37°C for approximately 48 hours. Supernatant was harvested by 

decanting after centrifugation at 4000 rpm for 20 minutes in Sorvall ST 16R centrifuge 

(Thermo Scientific). WT and BmoR10mut were grown overnight in 5mL LB cultures with 

carbenicillin for 250rpm, 20-22h @30°C. We diluted the saturated cultures 1:100 (50uL in 

5000uL) in each of the obtained supernatants, AC, BL, and AC-BL coculture (Pair). The 

samples were prepared, and fluorescence measured according to the Flow setup 

described earlier.  The data was analyzed using FlowJo.  
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Organic acids were quantified using high performance liquid chromatography 

according to Clark 2021. Supernatant samples were thawed in a room temperature water 

bath before addition of 2 μL of H2SO4 to 180 uL of supernatant to precipitate any 

components that might be incompatible with the running buffer. The samples were then 

centrifuged at 2400 × g for 10 min and then 150 μL of each sample was filtered through a 

0.2 μm filter using a vacuum manifold before transferring 70 μL of each sample to an 

HPLC vial. HPLC analysis was performed using a Shimadzu HPLC system equipped with 

a SPD-20AV UV detector (210 nm). Compounds were separated on a 250 × 4.6 mm 

Rezex© ROA-Organic acid LC column (Phenomenex Torrance, CA) run with a flow rate 

of 0.2 mL min−1 and at a column temperature of 50 °C. The samples were held at 4 °C 

prior to injection. Separation was isocratic with a mobile phase of HPLC grade water 

acidified with 0.015 N H2SO4 (415 µL L−1). At least two standard sets were run along 

with each sample set. Standards were 100, 20, and 4 mM concentrations of butyrate. The 

injection volume for both sample and standard was 20 µL. The resultant data was 

analyzed using the Shimadzu LabSolutions software package. 

Data Analysis: 

The data analysis and machine learning for the project was done using python. 

The code is in the romerolab Github repo. 
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Supplementary Figures: 

Table 1: 

Plasmid Composition Description Source 
BmoR_GAF PbmoR-bmoR; Pbmo-gfpuv; colE1; 

ampr 
Original BmoR plasmid obtained 
from literature 

Dietrich et. 
al. (2013) 

BmoR_GG PbmoR-bmoR; Pbmo-gfpuv; colE1; 
ampr 

WT BmoR plasmid with golden 
gate compatibility 

This study 

BmoR_10mut_GG PbmoR-bmoR10mut; Pbmo-gfpuv; colE1; 
ampr 

BmoR10mut plasmid with golden 
gate compatibility 

This study 

BmoR_opt_GG PbmoR-bmoR; Pbmo-gfpuv; colE1; 
ampr 

The refactored version of the WT 
BmoR. 

This study 

BmoR_opt_10mut_GG PbmoR-bmoR10mut; Pbmo-gfpuv; colE1; 
ampr 

The refactored version of the 
Bmor10mut. 

This study 

BmoR_GG_BB PbmoR-bmoR-ccdB; Pbmo-gfpuv; 
colE1; ampr 

ccdB containing backbone for  This study 

BmoR_opt_GG_BB PbmoR-bmoR-CcdB; Pbmo-gfpuv; 
colE1; ampr 

The refactored version of the 
backbone plasmid. 

This study 

pJ7_pET22hc_ccdB LacI ; T7- ccdB; F1 ori; ampr Plasmid used to clone ccdB into 
the above plasmids 

Romero Lab 
stock 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Supp Table 1: The plasmids used in this study 
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S1: We compared the effect of Mn2+ loading in generating library diversity. We observe a near 

linear relationship of Mn2+ and nucleotide mutation/gene. Our per gene count is 750aa. 

Increased mutations per gene gives a highly diverse library while potentially compromising the 

percent active library. 
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Replicate 1 Replicate 2 

S2: We screened the error-prone pcr generated mutagenic library using FACS at either 0mM 

or 100mM butyrate. We set a threshold gate at 25% of the top performers to obtain and 

compare the mutational pattern between the two conditions. We replicated the FACS screen 

for data integrity validation for downstream data analysis. 
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Butyrate Uninduced 

S3: The PU-learning outputs an excel file with various parameters for each mutation. For our 

needs, we focus on two, the coefficients value and the Padj values that show the model’s 

confidence in its output. These parameters then act as filters for our dataset when deciding on 

mutations.  
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S4: Correlation scatter plot of the replicates. Left: Butyrate coefficients, right: Uninduced 

coefficients. The pearson r >0.90 indicates decent correlation amongst the replicates. The grey 

dots represent all mutations while the red dots indicate the chosen mutations. 
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S5: Activity of WT BmoR, BmoR10mut and the single mutation variants. We observe 

BmoR10mut to have 2-fold improved activity as compared to WT and the other single variants. 

This outcome, while promising was very qualitative and had to be optimized for robust activity. 

We needed to re-factor the system by introducing codon-optimization and BmoR operator 

region mutations (TC->CA) along with all our optimization results to obtain more reproducible 

results. Since we observed BmoR10mut to be a better variant, we focused on refactoring only 

the WT and the BmoR10mut. 
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Chapter 3: Engineering CymR for nanomolar 

level detection of p-cumate  

Abstract: 

Cereal crop production heavily relies on the use of inorganic nitrogen fertilizers to meet 

global food demands but polluting the environment in the process. To create a sustainable 

alternative to fertilizers, we propose enhancing the natural nitrogen fixation ability of soil 

bacteria. Constitutive expression of nitrogenase enzymes leads to toxicity to the host cells; 

We hypothesized the use of plant-root released cumate (p-isopropyl benzoate) to put 

nitrogen fixation under inducible control. CymR is a regulator that natively binds to cumate 

at levels >1uM but we need it to be sensitive in the nanomolar range. In this work, we 

performed one round directed evolution using high throughput screening and ML-guided 

mutation prediction to create an enhanced variant of CymR. Our best variants showed 

nearly 10x enhanced activity compared to WT with detection in the 100-1000nM range. 

Introduction: 

Nitrogen is an essential element needed by all organisms as a building block to 

make DNA and protein macro molecules. Despite being the most abundant element in 

the atmosphere, gaseous Nitrogen (N2) is not easily assimilated by most organism in its 

atmospheric state. The process of converting N2 into its more bioavailable form ammonia 

(NH3) is called biological nitrogen fixation (BNF), a very energy demanding process. It is 

estimated that for 1 mol of N2 consumption, the host cell consumes 16 mol of ATP1. Plants 
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and other autotrophs do not have capability of BNF and instead rely on other organisms 

called diazotrophs to fulfill their nitrogen requirements. Diazotrophs are bacteria or 

archaea that possess the capability of BNF by catalyzing the conversion of N2 into NH3 

nitrogenase enzyme complex2,3. This symbiotic relationship provides a resource rich 

environment for the microbes while eliminating the metabolic load of BNF onto the plants.  

The availability of fixed nitrogen poses a massive limitation on our production of 

cereal crops such as corn, rice and wheat which provide 50% of the global calories4. To 

offset the lack of key minerals for agriculture, we rely heavily on the use of nitrogen based 

chemical fertilizers. With overuse of fertilizers to unsustainable levels, we have created a 

flurry of environmental problems from greenhouse gas emission5,6 increase to dead 

zones in coastal oceans7. Moreover, half of the available nitrogen gets lost to the 

environment rather than being absorbed by plant roots8. So, not only do we end up 

polluting the land and water with chemical fertilizers, we do not even get the maximum 

benefit. There has been a strong need to address the use of fertilizers while maintaining 

or even increasing the crop yields to serve societal needs especially as the global hunger 

stress grows rapidly9–11.  

A potential approach to eliminate this reliability on fertilizers involved engineering 

plants to contain the BNF activity themselves. First-generation of self-fertilizing cereal 

crops (Maize and barley) focused on improving their association with the rhizobacteria by 

secreting symbiosis-promoting secondary metabolites called rhizopines12–14. Second-

generation of self-fertilizing cereal crops (rice) aim to improve the uptake of nitrogen into 

plant roots via the soil environment by expressing NF receptors15 and key regulators of 
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nodule organogenesis16 to further enhance crop association to the soil microbiome. The 

third generation of self-fertilizing crop production aims to eliminate the need for bacteria 

by introducing N-fixation directly into plants. Researchers thought to achieve this by 

introducing nitrogenase subunits in mitochondria and chloroplasts due to the oxygen 

sensitive nature of N-fixation17–19. While engineered crops provide a sustainable path 

forward, the task to do so is an extremely intensive undertaking in synthetic biology. It 

needs strong collaborative and multi-disciplinary expertise to engineer these crops for an 

eco-friendly agricultural solution. The complexity of plant metabolism, weak portability of 

nitrogenase gene clusters from bacteria and slow growth of the plants for rapid 

phenotyping prevent crop modification from being a viable short-term approach for the 

growing food insecurity. Apart from the scientific barriers, society at large is currently 

unable to accept “genetically modified plants” as an option for crop production and 

consumption20.   

An alternate approach to increasing nitrogen availability in plants is right under its 

roots. We can harness the capability of diazotrophs that reside in the plant rhizosphere 

by engineering strains of soil bacteria that natively fix nitrogen to do the process better as 

they can already provide up to 20-25% of cereal crop nitrogen requirements21. This would 

provide a viable short-term alternative to chemical fertilizers while we learn to make and 

accept modified crops for a sustainable and real future. BNF in proteobacteria is very 

tightly regulated by the PII signal transduction proteins, GlnB and GlnK, that integrate 

several metabolic signals (glutamine, ADP, ATP and 2-oxoglutarate) for the expression 

of nitrogenase enzyme NifA called the GS-GOGAT metabolic pathway22. Glutamine (Glu) 

and 2-oxoglutarate (2-OG) serve as the switch between nitrogen fixation and nitrogen 
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assimilation as they represent the nitrogen:carbon ratio in the cell. Under low ammonia 

conditions represented by high amounts of 2-OG, PII enzymes are uridynalyted by the 

uridylyltransferase (UTase) activity of GlnD which prevents the interaction of the PII 

complex to nifL-nifA regulatory complex which controls expression of downstream 

nitrogen fixation genes23. Brewin et. al. tested several methods of enhancing ammonia 

production in Azotobacter vinelandii, a common soil proteobacteria. Among various 

proteins involved in the production of ammonia, they found only mutations that deactivate 

the regulatory NifLA complex led to accumulation of up to 35mM (1000x higher than 

normal) of fixed nitrogen. This significant increase in ammonia can be attributed to the 

deregulation of the very tightly controlled BNF24. However, this level of nitrogenase 

activity puts a massive metabolic load on the bacterial cells making this a toxic system. 

Secondly, they also saw higher levels of intracellular ammonium than in the extracellular 

medium which brings into question how much fixed nitrogen is being delivered to plants. 

Using a constitutively active nitrogen fixation system is not a viable approach to 

engineering rhizosphere bacteria. 

A good alternative to constitutive expression would be to put the symbiotic bacteria 

under inducible control of plant root exudates, primary and secondary metabolites that 

are released by plants via the roots into the soil. Root exudates help prevent growth of 

harmful organisms in the plant soil microbiome while promoting the growth of helpful 

symbiotic microorganisms. They can account for nearly 10% of fixed carbon made by 

plants and released into the soil for the rhizosphere25,26. Root exudates are also involved 

in shaping the environment such as the soil pH levels, nutrient availability and chelating 

toxic compounds. Measuring the amount of root exudates is a non-trivial task that can 
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involve complex root extraction and analysis methods. Kawasaki et. al. describe a sterile 

hydroponic system to characterize root exudates in wheat and barley showcasing the first 

example of aluminum-activated malate exudation in major wheat roots27. There aren’t any 

known studies that directly characterize the concentration of p-cumate as root exudates 

or in plant roots, however, unpublished work done by my collaborators indicate nanomolar 

concentration of p-cumate using analytical methods.  

To study released p-cumate in the soil and put BNF under inducible control, we 

hypothesized the use of transcription factor based biosensor that can detect low levels of 

p-cumate in vivo. In this work we aimed to engineer parent CymR, a bacterial transcription 

factor, for sensing cumate in the 100-1000nM range. We combined with our lab’s 

expertise on ML modeling for mutation prediction with traditional D.E. methods to discover 

variants with nearly 10x improved sensitivity towards CA. This can be integrated in the 

genome for enhanced nitrogenase activity without heavily increasing the metabolic load 

on the host cells. 
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Figure 7: Elucidating Pseudomonas Putida derived CymR activity. (a) p-cumate is key 

intermediate made by soil bacteria serving as a valuable source of carbon. Enzymes in the 

Cym operon oxidize p-cymene into p-cumate which gets metabolized into TCA relevant 

molecules (pyruvate and acetyl CoA). (b) Directed evolution requires a robust highthroughput 

reporter assay to quickly assess the fitness landscape. In our system, the CymR homodimer 

is natively bound to the operator region physically blocking the access of RNA polymerase to 

the promoter. In the presence of enough p-cumate, CymR binds to the signal, undergoes 

conformation change and enables RNAP-mediated gene expression of sfGFP. The fluorescent 

output can be detected using flow cytometry. (c) Parent CymR shows activity towards p-

cumate at concentrations >1uM, saturating around 1000uM. Initially, our plasmid system was 

oriented such that the sfGFP was upstream of the CymR expression, Parent_old (blue). For 

easier genomic integration, we reoriented the plasmid to have CymR upstream of sfGFP, 

Parent_new (orange). We noticed this also improved the dynamic range of CymR by 3.5-fold. 

Fl. activity was assessed using a plate reader.  
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Results: 

While we obtain a lot of alkyl substituted aromatic carbons through the burning of 

fossil fuels, a terpene p-cymene (p-isopropyltoluene) is commonly found as a volatile oil 

in several plant species with several beneficial effects to humans28. In plants, p-cymene 

serves as a building block to make valuable metabolites such as pyruvate, isobutyrate 

and acetyl coenzyme. This chemical transformation requires conversion of p-cymene into 

p-cumate (p-isopropylbenzoate) as an intermediate (Fig 7a). The 11Kb Cym operon in 

Pseudomonas putida F1 facilitates this transformation by oxidation of the methyl-

substituted aromatic compound29 via in a manner similar to other known aromatic 

compounds including xylene, methylnaphthalenes, toluene and p-cresol. The Cym 

operon constitutes 6 genes CymAa, CymAb CymB, CymC, CymD, CymE encoding p-

cymene monooxygenase (hydroxylase, reductase), p-cumic alcohol dehydrogenase, 

membrane protein and acetyl coenzyme A synthetase, respectively30. The activity of this 

operon is controlled by the upstream transcriptional regulator CymR.   

CymR, a TetR-based transregulator, for p-cumate detection: 

CymR1 is a putative regulatory protein that represses the expression of the Cym 

operon, as well as the downstream Cmt operon. It was found that the effector for CymR 

is p-cumate and not p-cymene leading to a feedback loop for the production of p-cumate 

that will be further catabolize p-cumate via the CymR induced Cmt operon30. CymR is a 

TetR-type regulator that has been utilized as an efficient inducible system in various 

 
1 In this work, we used an engineered version of WT CymR, CymRAM developed by the Voight lab43 to 

have >100x dynamic range for effective inducible control. Throughout this chapter, I will be referring to 
CymRAM as parent or parent CymR. 
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organisms implying a wide range of utility starting from a model strain31.  A structural 

characteristic of this family of regulators is their winged helix-turn-helix motif (wHTH) 

present in the N-terminus region. CymR exists as a dimer with the N-term region for each 

monomer interacting with DNA on opposite ends of the oligomer. They look like tiny wings 

on either ends giving them the winged HTH nomenclature.  

We implemented a system where sfGFP is put under cumate responsive inducible 

control (Fig 7b). So, in the presence of >10mM cumate, we see a 100-fold increase in 

activity from its inactive state. The system was originally oriented such that the CymR 

regulator gene was directly downstream of the sfGFP encoding gene (S6). We learned 

that this leads to an increase in noise as well as a decrease in the maximal activity. To 

mitigate this issue and make it easier for genome integration we swapped the position of 

the regulator to be directly upstream of sfGFP (S6). This showed a 4-fold improvement in 

the dynamic range of the parent CymR (Fig 7c). CymR is a strong engineering candidate 

for increased sensitivity towards p-cumate. We followed a directed evolution workflow but 

incorporated NGS data generation and machine learning guided mutation prediction for 

an accelerated engineering process. We obtained ~7.5*106 mutants of CymR using error-

prone pcr mutagenesis  

We observed activity of the parent in both E. Coli and K. variicola with a K1/2 of 

~10uM with potential for nanomolar sensitivity. We subjected the mutagenized library to 

0, 100, 500 and 1000nM cumate for parallel screening with FACS with the 0nM sample 

being our background control. We saw 40% of our library active at 1uM with 15% of the 

library having increased activity compared to the parent. Within the individual 

concentrations, we see 8.7%, 9.3%, 10.2% and 13.6% of total cells at 0, 100, 500 and 
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1000nM, respectively, with activity higher than WT. We gated the top 5% of the 1000nM 

with each population falling in the 3-5% of GFP high cells collected amounting to 

~400,000 to ~600,000 cells. Our one round of engineering comprised of 5 samples to 

compare mutations that are enriched within each concentration using PU-Learning32. 

 

 

Figure 8: CymR DMS dataset and mutation selection. (a) Correlation scatterplot of the 100, 

500 and 1000nM to the 0nM sample from left to right, respectively. We observe a spike in 

unique mutations with increased coeffs. in each of the induced datasets over the uninduced 

set. This trend is more pronounced as the concentration increases from 100 to 500 to 1000nM. 

(b) Comparing the normalized coeffs. (induced – uninduced) revealed that the top mutations 

have a peak coeff. value at 500nM rather than 1000nM. We observe a decrease in the coeff. 

value at 1000nM potentially due to a larger number of activating mutations in the post-sorted 

sequencing pool. (c) We selected the top 18 mutations present in the 85th percentile of each 

induced dataset. The mutations were selected with a focus on the 100nM sample set. (d) Using 

Alphafold 3, we generated a predicted structure of CymR with high confidence. The pink areas 

highlight the residues to be mutated. Most of the mutations are localized to the N-terminus 

region involved in DNA binding. The central 60-100 aa stretch sees no change in residue 

possibly due to the disruption of protein-protein interaction of the CymR homodimer   
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Mutational pattern of CymR DMS dataset: 

PU-Learning compares the enrichment of mutations in the 0, 100, 500 and 1000nM 

samples to the entire library pre-selection giving us quantitative coefficients for each 

observed mutation. The dataset contained 1263 unique mutations averaging 6 mutations 

at each residue position. The ROC curves for the individual samples show a corrected 

area under curve value of about 0.7 indicating good output of the model. Given our 

screening methods, we intended to see an increase in active mutations in the increasing 

concentration samples. We observe exactly that; Comparing individual mutations 

between samples we see a higher number of unique mutations present in the 1000nM 

sample than the 500nM followed by 100nM samples that are active over the uninduced 

samples (fig 8a). This was a useful check as parent CymR shows some activity at 

1000nM indicating more mutations can be tolerated at this concentration level.  

We hypothesized that activating mutations at 100nM should be present in 

increased abundance at higher concentrations and created a set of mutations that follow 

these parameters. However, to test this hypothesis we ranked mutations in each sample 

normalized to their uninduced coefficients (fig 8b). Surprisingly, we noticed that the best 

mutations peaked at 500nM with a decreasing value at 1000nM. A possible explanation 

for this is the relative amount of a single mutation in the pool of the positive mutations. 

PU-Learning is an enrichment based model that infers information from the count of a 

mutation in the pre-sorted population to that of their post-sorted population. In 1000nM, 

we observe a larger number of unique mutations in the activating region relative to 500nM 

and 100nM. This leads to a decrease in the quantified coeff. value of a particular mutation 

at 1000nM as compared to 500nM. 
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We shifted our focus from creating a set of mutations with ascending coeff. values 

to selecting a set of the top based on their rank in each population. The top 18 mutations 

present in the 87th percentile of each set were selected as our test mutations from round 

one (fig 8c). Most of the selected mutations were concentrated along the N-terminus 

which, in CymR, functions as the DNA binding region (fig 8d). The central stretch of CymR 

which is involved in dimerization was largely untouched. We created a combinatorial 

library (~156,000 variants) of the selected mutations with a mean distribution of 8 

mutations per gene.  
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Figure 9: Combing through the combinatorial library. (a) The activity of parent CymR and  

the combinatorial library at 0, 50, 500 and 5000nM p-cumate. The combinatorial library sees 

no shift in the histogram in a concentration gradient while the parent shows no activity below 

1000nM and nearly 1000x activity at 5000nM. This data was collected using BDFortessa Flow 

cytometer. (b) We conducted negative-positive screening to isolate variants with increased 

sensitivity on agar plates. The heatmap shows activity of 54 selected colonies and the parent 

in liquid media at 0, 100, 500 and 1000nM, top to bottom. We found several colonies with 

higher sensitivity than WT while decreasing the dynamic range. 32 colonies were sent for 

sanger sequencing. (c) We transformed the top 7 variants in klebsiella variicola and measured 

their activity using Flow cytometry. We observe a 10-fold increase in sensitivity in all our 

variants with varying degree of increase in background activity. Our best variant, CymRP56T, 

showed activity in the 100-1000nM range with >2-fold decreased background compared to 

other variants.   
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Finding the needle in a combinatorial library haystack: 

The combinatorial library, not surprisingly, was mostly dead. Given a big set of 

mutations introduced at the same time, it is possible to have broken the biosensor leading 

to extremely high uninduced activity. We observed the combinatorial library being 4x more 

active than induced WT but no difference among the different concentrations (fig 9a). We 

performed two rounds of negative selection by screening the library at 0nM cumate and 

selecting variants with low GFP fluorescence. At this point we were able to see a shift in 

population among the 100, 500 and 1000nM samples (S7). To obtain the best active 

variants from this targeted combinatorial library, we set a selection threshold of the top 1% 

of active mutations in the 1000nM population set. 

We subjected the sorted cells to a solid phase induction assay to pick the best 

colonies (S8). Out of ~300 colonies screened on plates; we selected 50 colonies for 

subsequent liquid culture assay. We saw quite a few active mutations at with the best 

ones showing a 3-fold increased activity at 500nM. This was a promising result to learn 

specific mutations involved in the increased sensitivity towards cumate (fig 9b). We 

hypothesized that there is a strong possibility for the screened colonies to be non-unique. 

We chose 32 variants for sequencing which included the highly active variants as well as 

the parent as a positive control. Our hypothesis was confirmed as we observed 12 unique 

mutation sets with most of the variants being single mutants. Testing our individually 

picked colonies showed measurable detection of cumate in the 100-1000nM range but 

with ~10x increase in background activity. G45D was used as a test case for learning 

about the potential increase in background noise while P56T, T7I and H54Y gave the 

most promising output (Kd = ~800-1200nM) compared to the WT (Kd = ~8000nM). Out of 
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the 12 unique variants, we selected 7 for testing within Klebsiella variicola. While the 

dynamic range of the parent and variants was lowered in kv, it did reflect the activity 

observed in the initial E. Coli host (fig 9c). This confirmed that 2-3x increased activity at 

500nM of the variants was in fact real giving us positive variants from a single round of 

engineering.  

Characterizing bacterial localization around plant roots: 

We do not fully understand the localization of soil bacteria in plant roots. They are 

thought to be presence in root hair, root tips and potentially even the shoot. Secondly, it 

is important to know where root exudates are being released and in what quantities to 

understand plant stress response. We aimed to test the high performing variants T7I, 

H54Y and P56T in soil bacteria localization studies which would require integration of the 

GUS (β-glucuronidase) reporter system instead of the GFP. GUS is a luminesce based 

assay that uses β-glucuronidase to convert the colorless X-gluc into a bright blue diX-

indigo.  

This is a popular reporter system used in plant rhizosphere assay but can be tricky 

due to high background activity. We used the parent CymR controlled GUS expression 

and a constitutively expressing GUS strain to compare whether bacterial localization was 

even visible. We see a darker blue in the constitutive sample, as expected, along with 

lower GUS activity in the parent sample (fig 10). This is one of the first examples showing 

direct spatial arrangement of soil bacteria (kv) in response to a plant released metabolite 

(cumate). 
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NOTE: This section contains some of the most recent data collected before my 

dissertation defense. The result section is incomplete and will be fully presented in the 

publication of this work.   

  

Figure 10: In Planta assessment of CymR. This is one of the first examples of characterizing 

the localization of klebsiella variicola in sorghum plant roots. The left column is the negative 

sample is WT kv with no GUS system showing no color in any of root cross-sections. The 

middle column is GUS under constitutive expression acting as positive control for 

luminescence. We see strong blue color in the root tips (top) and root hair (bottom) with some 

activity in the root emergence points. This indicates soil bacteria can penetrate root tissues 

potentially aid in root emergence. The right column is kv with GUS expression under p-cumate 

control. The regulator is parent CymR, and we observe some blue color in the root cross-

sections. 
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Discussion: 

Efficient nitrogen fixation is a requirement to meet the rising food demand across 

the globe. Inorganic fertilizers are an effective tool in our arsenal for providing fixed 

nitrogen to crops but not without its limitations. Inorganic fertilizers are massive pollutants 

to the environment known to contain heavy metal contamination thus creating a bigger 

problem in the long term33. Current technology relying on increase in yields of cereal crops 

is reaching a plateau and is in desperate need for innovation. Moreover, the consumer 

mentality to modifying plants and crops is very hostile due to past outbreaks and lack of 

understanding34. Until this mentality shifts and innovation in plant biology is within our 

reach, there is an unmet short term need for effective fixed nitrogen. We propose the 

engineering of bacteria in the plant microbiome that natively fix oxygen to increase their 

production in a non-toxic manner. Root exudates are metabolites secreted by plants in 

the soil via their roots, often as a means of communication or defense 35,36. Cumate is a 

root exudate with anti-fungal activities37,38 produced by several cereal crops such as 

sorghum and corn. We intended to use cumate as an inducer to regulate nitrogen fixation 

in klebsiella variicola for increased NH4
+ delivery to sorghum crop without compromising 

the fitness of the bacteria. 

Engineering BNF in kv requires detecting cumate using the σ70 transcription factor 

CymR derived from Pseudomonas putida. CymR natively detects cumate at >1000nM 

concentration. In non-cumin plants the amount of cumate released is unknown but 

potentially thought to be in the 100-1000nM range which lends well to the directed 

evolution of CymR for increased sensitivity. Traditional DE methods would need 

engineering at 1000nM with multiple rounds of engineering for a stepwise increase in 
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sensitivity. However, we used a machine learning guided approach to accelerate this 

process. This enables us to screen via FACS at 0nM, 100nM, 500nM and 1000nM and 

generate a mutational dataset containing ~1300 unique mutations for a 200 amino acid 

protein. The goal of simultaneous screening was to find mutations that are enriched in 

each set giving us increased confidence in the activity of variants at 100 and 500nM 

cumate.  

The selected 18 mutations were enriched in each set with 500nM being the peak. 

This was interesting since we anticipated an increase in PU-learning coeff with increasing 

concentration, but we saw increased enrichment at 500nM with a decrease in value at 

1000nM. I attribute this trend to the increased pool of activating mutations at 1000nM as 

compared to a smaller pool in the 500nM sample. This lowered the enrichment value of 

our highly active mutations in the 1000nM dataset. This wasn’t really a big problem since 

our goal was to focus on the lower concentration, so selecting the top 18 mutations from 

the 87th percentile made sense. Although, we see the top mutations clustered in the N-

terminus region of CymR rather than the in the central stretch of CymR (60-105 aa) which 

we think is involved in protein-protein interaction to form a homodimer. A possible 

explanation here is that making mutations in homodimer interacting region can be tricky 

since its effect gets doubled as the change in residue impacts each monomer creating a 

“double mutant” for the homodimer39. PU-Learning doesn’t directly infer epistatic 

interactions among the observed mutations, so we created a combinatorial library to 

account for the epistasis and find viable combinations for parent CymR variants.   

Our combinatorial library was a set of mostly broken sequences given several 

mutations present in each variant. While this wasn’t a great outcome it was easily 
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salvageable. Screening this library for low fl. output when induced followed by a positive 

screen induced at 100, 500 and 1000nM gave a set of highly sensitive variants with  P56T 

being nearly 8x more sensitive with the least increase in background. The alphafold3 

predicted structure of CymR shows P56T mutation in the loop region right beside the 

helix-turn-helix motif potentially stabilizing the conformer upon ligand binding. We see that 

G45D mutation increases background activity ~5-fold over the P56T variant and is located 

within the HTH motif. We hypothesize that the presence of the acidic aspartate residue 

prevents interaction with the phosphates of the DNA given both molecules are negatively 

charged. Another interesting observation we had was in the P56T, L162V variant. It 

retains the sensitivity of the P56T mutation but has nearly 2-3x increased background. 

Further work can be done to learn the epistatic interaction between the two mutations by 

creating a site saturated library at the two residues, but this is outside the scope of this 

work. I was mildly disappointed that most of our variants were single mutants instead of 

a combination of multiple mutations, a capability of our ML-guided mutational approach. 

However, this method did yield variants with desirable activity in the 100-1000nM range 

make our engineering efforts worthwhile.    
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Future directions: 

We see desirable activity of our best variant, CymRP56T, in klebsiella variicola as 

well. The next steps to this project involve testing the capability of CymR to effectively 

regulate nitrogen fixation under cumate control. This will involve genome integration of 

the CymR variants upstream of nitrogenase enzymes in k. variicola. We plan on using the 

acetylene reduction assay (ARA), a popular nitrogenase activity assay, for in vitro 

assessment of our variants. Finally, we aim to create this technology for increased BNF 

and delivery of ammonia to plants. This will require in planta testing of the engineered k. 

variicola. Apart from the ability of the soil microbe to deliver fixed nitrogen, we will also 

gain insights into the spatial arrangement of soil bacteria from the intake of nitrogen in 

plants. 

In this work, we developed nanomolar sensitive p-cumate detecting biosensors 

using highthroughput screening and ML-guided mutation prediction for inducible control 

of nitrogen fixation. This workflow can be adopted to detect other root exudates or plant 

metabolites for academic and industrial applications. Cinnamic acid40, naringenin41 and 

flavonoids42 are strong initial targets for engineering biosensors. Root exudate induced 

nitrogen fixation can help supplement if not completely replace inorganic nitrogen based 

fertilizers.      
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Materials and methods: 

Strains, Media, and Materials: 

The CymR plasmid, CymR_old, was made as used in the literature43. One major 

modification was made to this plasmid to reposition the regulator upstream of the reporter, 

CymR_new. The Luria Broth (Miller) media (DSL24400-2000) and Cuminic acid (268402-

5G) were sourced from Sigma Aldrich. The Kanamycin (monosulfate) obtained from 

Goldbio (K-120-5). The LB (miller) Agar (30620042-4) used for making plates was 

obtained from bioworld. The consumables used in the project were sourced from various 

vendors. The 15mL round bottom culture tubes (352059) were corning Falcon tubes. We 

used VWR 15mL conical bottom tubes (525-0636) and 50mL conical bottom tubes (525-

0610). The black with clear bottom 96-well microtiter plates were obtained from Thermo 

scientific (165305). The restriction enzymes and mastermixes for molecular biology were 

sourced from New England Biolabs.           

Error-prone pcr:  

We amplified the entire CymR gene (202 aa) using error-prone PCR to introduce random 

mutations. We reaction mixture comprised of (1M) Betaine, Standard Taq buffer (1x), 

MgCl2 (5.5mM), DNA template (~200ng), 1:1:2.5:2.5 ratio of A:G:T:C (0.2mM A,G and 

0.5mM T,C), MnCl2 (0.05mM), forward and reverse primers (0.4mM each) and Taq DNA 

polymerase (5 units/100uL reaction volume). The pcr reaction was made in 200uL total 

volume and divided into 8 tubes of 50uL run in 8-pcr strip tubes (Thermo scientific, 

AB2000). The reaction was cycled with initial melting at 95°C for 30sec, followed by 16 

cycles of 95°C, 20s melt, 56°C, 60 sec extension and 68°C,1 min elongation. The final 
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extension was done at 68°C for 5 min. The pcr was run for 16 cycles to minimize 

amplification bias in a Bio-Rad thermocycler (T100). We digested the amplified library 

with DpnI (NEB R0176S) to remove DNA template followed by purification via Zymo DNA 

clean and concentration kit (cat# D4013). The insert amplification was verified using a 1% 

agarose gel. We wanted to keep the mutational rate in the library low (~1-2aa/gene) to 

allow generating a healthy functional fraction of CymR variants while maximizing the size 

of the obtained library. 

Gibson ligation and transformation: 

A 15 uL Gibson mastermix was made by combining 1M Betaine, 5x isothermal reaction 

buffer, 40U/uL Taq DNA (NEB, M0208L), 1U/uL T5 exonuclease (NEB, M0663L), 2U/uL 

Phusion High-Fidelity DNA Polymerase (NEB, M0530L). The insert and backbone were 

added in a >2:1 molar ratio respectively and water to reach the total volume of 20uL in a 

single pcr tube. The reaction was run isothermally at 50°C for an hour. The samples were 

cleaned using the Zymo DNA clean and concentration kit (Zymo, D4003). 

We transformed the ligated plasmid library into commercial chemically competent E. cloni 

cells via electroporation in 1mm cuvettes (Fisher, FB101) at 1.80Kv using the Bio-rad 

MicroPulser (1652100). The transformed cells were recovered for 1 hour @37°C and 

diluted into 50mL, kanamycin containing LB media to be grown at 30°C. Simultaneously, 

plates with 500x, 5,000x and 50,000x dilution were inoculated from the 50mL culture and 

grown overnight @37°C. After ~12-14 hr growth at 30°C, we made 5, 1mL aliquots of the 

culture in 15% Glycerol to store as redundant stocks for future use. 
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We obtained a library size of ~7.5*10^6 transformants, analyzed by counting colonies. 

Individual random 10 colonies were picked for colony pcr followed by Sanger sequencing 

(Functional Biosciences). 

Plate reader assay: 

Seed cultures of parent CymR, Negative control and any variants were inoculated from 

colony plates or glycerol stocks in 5mL LB media containing Kanamycin  for 20-22h at 

30°C, 250rpm. The overnight saturated cultures were diluted 1:100 fresh 250uL LB media 

with antibiotics. The expression cultures were grown in corning 96-well plates (3340) for 

16 h at 37°C, 250rpm with varying concentrations (0-100uM) of cuminic acid added after 

inoculation. The fluorescence of the samples was measured using a Biotek Agilent plate 

reader with excitation at 488nM, emission at 510nM, analyzed using excel and python. 

Flow Cytometry and FACS: 

WT CymR, Negative control and any variants were grown overnight in 5mL LB cultures 

with kanamycin for 250rpm, 20-22h @30°C. The overnight saturated cultures were diluted 

1:100 (50uL in 5000uL) in fresh 5mL LB media with antibiotics. The expression cultures 

were grown for 16 h @37°C, 250rpm with varying concentrations (0-100uM) of cuminic 

acid added after inoculation. The following day, expression cultures were washed 2 times 

with 1mL phosphate-buffered saline, PBS (137 mM NaCl, 2.7 mM KCl, 8 mM Na2HPO4 

and 2 mM KH2PO4) with centrifugation for 10 min @3000xg. We resuspended the cells in 

1mL PBS and then diluted the resuspension (1:50) in 1mL fresh PBS in 5mL 

polypropylene tubes (Fisher cat# 352058). For Flow cytometry, we ran the samples in a 

BD LSRFortessa X-20. The samples were excited @488nM and detected @510nM.  
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For FACS, the assay and sample prep follows the above described method. 1mL LB 

collection tubes with kanamycin were made to collect the sorted cells for each sample. 

The samples were run in a BD FACSAria III at the same excitation and emission. 20-21 

million cells were observed by the machine with the collection threshold gate at 5% for 

the 1000nM sample. The same threshold gate was used for each of the samples. The 

collected cells were grown overnight to an OD ~1-2 to avoid significant amount of cell 

death and stored in 15% glycerol as stocks for later use. The FACS data was analyzed 

using FlowJo.  

Next-generation sequencing: 

The pre-sorted and post-sorted cultures from the FACS screening were miniprepped 

using the QIAprep Spin Miniprep Kit to obtain the library of plasmids in each sample. The 

whole plasmid for each sample was submitted to UW-Madison Next generation 

Sequencing core to prepare NGS libraries using the Celero DNA-Seq Library Prep for the 

Illumina Nova-seq. We collected 2.2*108 reads for pre-sorted samples and 5*107  for the 

post-sorted populations.  

Solid Phase induction: 

LB agar plates were made containing kanamycin and varying amounts of p-cuminic acid 

(0, 100, 500, 1000 and 5000nM). Individual colonies from the 100nM active variant plate 

were chosen and spotted in the same geographical location for each agar plate. 5 sets of 

5 plates were created to spot 250 colonies. The plates were incubated overnight at 37°C, 

250 rpm. The following day, the plates were analyzed under blue light (~480nM). 

In planta GUS staining protocol for corn/sorghum seedling roots:  
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The 7 days old corn/sorghum seedlings (3-4 seedlings in each growth pouches under 

aseptic condition) were inoculated with 10 ml of the GUS reporter strains (OD600 = 0.1) 

and incubated for another 7 days in the plant growth chamber. On day 7 after bacterial 

inoculation, the whole seedlings were harvested out of the pouches gently and washed 

three times with sterile MQ water. Then for each combination, depending on the sample 

volume, the whole seedlings were transferred into the GUS assay buffer in separate 50 

ml falcons/glass beakers in such a way that the shoot part remains out of the tube/beaker 

and only the roots remain submerged into the GUS buffer. All the seedlings inoculated 

with each of the bacterial strain(s) were subjected to vacuum infiltration for 2hrs to 

facilitate X-Gluc penetration into the infiltrated seedling roots at room temperature. The 

infiltration cups containing the infiltrated seedlings were incubated at 37°C overnight (16-

20 hr). The following day, the seedlings were removed out of the GUS buffer, washed 

gently using fresh MQ water (at least three times), and transferred into fresh 

beakers/falcon tubes. Subsequently, chlorophyll was completely removed from the 

stained seedlings by incubating in 70-95% ethanol for 96-120 hr at 37°C (in dark). Finally, 

the roots were observed under white light by using a bright field stereomicroscope for 

blue colored stained regions. 

*Note: For the GUS staining purpose, 1 mM of X-Gluc (5-bromo-4-chloro-3-indolyl-β-D-

glucuronide) in GUS assay buffer [50 mM sodium di-hydrogen phosphate (pH 7.0), 10 

mM EDTA, 0.1% sodium lauryl sarcosine, 0.1% Triton X-100 and 10 mM β-

mercaptoethanol] was used 

Data Analysis: 
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The data analysis and machine learning for the project was done using python. The code 

is in a Github repo. 
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Supplementary figures: 

 

 

 

  

S6: Changes in our plasmid system. Our plasmid system originally had the CymR gene 

downstream of sfGFP (left). For easier genome integration, we realized it would be better to 

have the CymR and subsequent variants upstream of the reporter gene (right). This change 

also improved the dynamic range of our system, given us a second benefit. 
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S7: Salvaging our broken combinatorial library. Our combinatorial library showed elevated 

fluorescence activity at all concentrations of p-cumate. To find variants with increased 

sensitivity without completely losing the dynamic range, we ran two negative screens 

(collecting cells that are inactive under 0nM inducer condition) followed by a positive screen 

(shown above). We observe a shift in Fl. activity with increasing concentration. We sorted the 

top 1% of cells in the above populations to find variants with desirable activity towards p-

cumate. 
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S8: Solid Phase induction assay of active variants. We plated the sorted cells from the 

100nM sample of our combinatorial library salvage screen on agar plates containing 0, 100, 

500, 1000, 5000nM of p-cumate (top left to bottom right, respectively) alongside the parent 

(circled in red). We illuminated the plates with blue light and found several colonies with activity 

in the 100-1000nM.    
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