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Abstract
Evolutionary and Functional Diversity of Regulatory
Factors and Sequences that Coordinate Gene Expression
Jimin Park
Bacteria regulate gene expression through coordinated interactions between cis-regulatory
sequences and trans-regulatory factors. Understanding the molecular basis for the functions of
these regulatory components is not only essential for deciphering complex biological processes in
diverse bacteria but also critical for rational engineering of microbial phenotypes. However,
systematically dissecting the sequence-function relationships of cis and trans regulatory
components that underly gene expression is still a key challenge. Recent technological advances
have provided novel tools and methods for mapping sequence-function relationships in highthroughput. This dissertation focuses on applying novel methods enabled through increased
throughput and scalability of DNA synthesis and sequencing to elucidate the sequence-function
relationships of cis and trans components that underlie bacterial gene regulation.
In Chapter 2, evolutionary and functional diversity of primary σ70, a universally conserved
global regulator in bacteria, is studied through comparative genomics, saturation mutagenesis, and
transcriptomics. Through the combined efforts of these approaches, we demonstrate that sequence
diversity of σ70 factors reflects functional differences which have been shaped by evolutionary
constraints from co-evolving regulatory sequence targets during evolution. Chapter 3 discusses
systematically mapping transcriptional activities of cis-regulatory sequences from Biosynthetic
Gene Clusters (BGCs). Using a Streptomyces as a host, we found key regulatory features that
affected gene expression, such as GC content, transcription start sites, and sequence motifs. We

further explored regulation of BGC derived regulatory sequences by expressing global regulatory
factors and screening for regulator sequences with altered expression levels. Finally, Chapter 4
highlights recent studies that made key contributions towards elucidating and modulating bacterial
gene regulatory networks and reviews the current state of microbial systems biology and gene
regulation. Together, the results and discussions presented in this dissertation seeks to further
advance the current knowledge of sequence-function relationships of microbial regulatory
components to enable better understanding, modeling, and rational engineering of bacterial gene
regulation.
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Chapter 1
Introduction

A Short Primer on Microbial Gene Regulation
Bacterial gene regulation is a key biological process that underlies robust cellular growth
and appropriate responses to changing environmental conditions and extracellular signals. On a
molecular level, precise regulation of gene expression is coordinated through interactions between
trans-regulators and cis-regulatory elements1–5. Trans-regulatory proteins such as transcription
factors recognize and bind to specific cis-regulatory DNA sequences such as transcription factor
binding sites, to regulate gene expression. More broadly, bacterial cis-regulatory sequences
encompass promoter sequences, ribosome binding sites, transcriptional terminators, σ factor
motifs, and are often found in untranslated regions (UTRs). On the other hand, bacterial transregulatory proteins include σ factors, response regulators from two-component systems, rho
factors, and a plethora of transcription factor families. Classical studies dissecting gene regulation
of model regulatory systems such as the lacZ operon4 and the lambda phage repressor6,7 in the
1960s were instrumental in establishing fundamental themes and motifs of gene regulation that
have been applied to understand diverse natural regulatory systems8–11.

σ Factors and Their Role in Bacterial Gene Regulation
σ factors are a key bacterial regulatory protein family that plays a critical role in regulating
transcription initiation. Prior to initiation, σ factors must interact with RNAP core enzyme
(consisting of α2ββ'ω subunits) to form the RNAP holoenzyme and only then can σ factors
recognize and bind to promoter sequence motifs12–14. Once bound to the -10 and the -35 sequence
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motifs using its σ factor Domain 2 and Domain 4, respectively, σ factors can unwind the DNA
duplex to form a transcription bubble between the -10 and the +2 positions and initiate
transcription14–17. While it has been traditionally believed that σ factors are lost from the complex
during RNAP promoter escape, enabling freed σ factors to seek out new core enzymes, recent
studies have shown that it is possible for σ factors to stay in complex with the RNAP during
elongation18–20. If held in complex, σ factors can additionally regulate the elongation process by
inducing pausing at -10 and -35 like DNA sequences within gene bodies.
The σ factor protein family is an abundant and evolutionarily diverse group of bacterial
regulatory factors. The σ70 protein family contains primary (group 1) and alternative (group 2-4)
σ factors and recognizes the -10 and the -35 promoter sequence motifs 13,14. The σ54 protein family
has a different recognition domain that recognizes the -12 and the -24 promoter motifs and is
functionally, structurally, and evolutionarily distinct from σ70 21,22. In most bacterial genomes, the
primary σ70 regulates the expression of most, if not all genes. For example, in exponentially
dividing E. coli the primary σ70, RpoD, constitutes approximately 60-95% of all cellular σ factors
available and binds to >50% of all σ factor binding sites in the genome

23–25

. The E. coli RpoD

recognizes the canonical -10 and the -35 sequence motifs, TATAAT and TTGACA respectively,
yielding higher expression levels from UTRs with higher motif similarity to the canonical motif
and yielding lower expression levels from UTRs with lower motif similarity to the canonical motif
26

. However, there are other features of regulatory sequences beyond the -10 and the -35 motifs

that can modulate σ70 activity, such as extended -10 motif, upstream elements, and spacing
between -10 and -35 motifs26.
Alternative σ70 factors on the other hand, such as the group 4 ECF σ70 factors, generally
regulate the expression of a smaller set of genes that coordinate a specific function or response
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together, such as flagellar development, iron metabolism, or heat shock response27–29. Alternative
σ70 factors regulate diverse cellular functions by recognizing different -10 and -35 sequence motifs
from the motifs recognized by the primary σ70 29,30. Furthermore, sequence specificities required
for binding and activation by alternative σ70 are more stringent compared to primary σ70
requirements. This difference in regulatory modes is driven biophysically by differences in DNA
unwinding efficiencies between the two σ70 groups; while primary σ70 factors can unwind DNA
duplex very efficiently, alternative σ70 factors are less effective, thus requiring more complete and
longer binding to the promoter motifs31,32. This also explains the regulon size differences between
primary and alternative σ70, as the strict sequence specificity requirement generally limits the
alternative σ70 mediated gene expression to a handful of genomic UTRs. Lastly, while all known
bacterial genomes encode at least one primary σ70, the number of alternative σ70 varies widely. For
example, while Escherichia coli encodes 6 alternative σ70 factors, Streptomyces coelicolor encodes
>50, and Mycoplasma pneumoniae does not encode any14,33. It has been observed that the number
of σ70 factors encoded in a genome generally correlates with genome size as well as regulatory and
lifestyle complexity34–36.

High-throughput Measurements for Dissecting Regulatory Interactions
While historically, gene regulation studies were limited to probing individual or a limited
set of sequences, genes, or mutants at a time, technological advances of the new millennium
ushered in an era of high-throughput measurements. Development of new methods that leveraged
powerful technologies such as microarrays, next generation sequencing (NGS), and DNA
synthesis, were critical in taking the study of gene regulation into the next level through enabling
measurements on larger scale and with higher resolution than ever before. Whole genome
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sequencing and comparative genomics were used to identify novel regulatory factors as well as
conserved regulatory systems and motifs37–41. Microarrays offered an unprecedented peek into the
complexities of a cellular transcriptome42. Inducing cellular perturbations and measuring
transcriptomic changes revealed dynamic regulatory networks and their organization on a genomic
scale43,44. NGS and RNA-seq further increased the scalability and the sensitivity of transcriptomic
measurements45–47. Furthermore, through various sequencing methods that leveraged clever
biochemistry, as transcription start site profiling48–56, CHIP-seq57, ribosome profiling58, and
SELEX-seq59,60, complex regulatory processes have been systematically deconvoluted.
Increased throughput of DNA synthesis was also critical in further advancing our
understanding of gene regulation. Having access to high throughput de novo synthesis meant that
biologists were no longer limited to natural sequences or mutant variants of natural sequences. A
key innovation that enabled biologists to fully utilize the potential of high-throughput DNA
synthesis was the multiplexed reporter assay61. Building upon earlier low-throughput multiplexed
reporter assays that used random mutagenesis62 and promoter shuffling63, oligonucleotide libraries
synthesized on a microarray64 expanded the scale and the diversity of sequences that could be
characterized in parallel. This in turn enabled saturation mutagenesis of various model regulatory
sequences to systematically explore regulatory outputs from thousands of sequence variants65.
Others quickly followed to study various aspects of regulatory mechanisms such as sequence
composability66, bacterial terminators67, 5’ mRNA secondary structure68,69, transcription factor
binding sites70,71 and more72–75. Furthermore, beyond cis-regulatory sequences, microarray
oligonucleotide synthesis has also been applied to study full-length gene variants on a library scale.
While the current sequence length limitation (up to ~250bp) prevents direct synthesis of full-length
protein coding sequences, synthesized oligonucleotides with sequence homologies have been
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assembled into a library of full-length GPCRs variants which was then used to map ligand
interactions76,77. Further increases in the synthesis length, throughput, and fidelity will enable
exploration of more complex regulatory systems.
Lastly, with the wealth of data generated from large-scale systems biology studies, there is
a critical need for computational tools and statistical methods to facilitate robust analysis and
distillation of key features from complex data sets. Software such as BioProspector, FIRE, and
MEME can identify over-represented functional sequence motifs from a large sequence dataset
that can be easily compared to other sequence motifs78–80. In addition, regulatory network
databases such as PRODORIC and RegulonDB are useful resources to the scientific community
at large80,81. Further establishing easily accessible and well catalogued gene regulatory network
databases with curated datasets and developing universally useful computational methods and
software will be important steps towards further enabling novel discoveries.

Beyond model systems
Decades of research has systematically elucidated the gene regulatory capacities of the
humble E. coli82. Beyond few other model bacteria83–85, regulatory knowledge in most bacterial
species is sorely lacking. Our pace of discovering new bacterial species and genome sequencing
dramatically overshadows our pace in dissecting their regulatory organization. While orthologous
enzymatic proteins generally catalyze the same reaction, which facilitates rapid functional
annotation of genes of new genomes86, trans-regulatory factors and cis-regulatory sequences
exhibit heterogeneous behaviors in different genetic host context, making it difficult to
computationally annotate and make robust functional predictions14,87. Early works attempting to
dissect genetic determinants of transcription found that same promoter sequences had different
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expression phenotypes between E. coli and B. subtilis88,89. A more modern approach on a larger,
metagenomic scale showed that across different bacteria, same regulatory sequences did not yield
similar transcriptional activation capacities, highlighting regulatory sequence incompatibility
between genetically diverse hosts90. Deciphering the molecular basis for gene expression patterns
observed in different microbes will be a key step in revealing unique biology and regulatory
networks of non-model bacteria and further improves our ability to engineer and harness their
potential. Systematically studying functional variations in conserved global regulators such as
primary σ70 factors, could yield key insights into the different transcriptional activation potential
of different bacteria. In addition, functional screening of diverse regulatory sequence libraries in
non-model species will further yield key regulatory determinants that can be subsequently used to
unlock the full engineering potential of diverse species.

Engineering and Modulating Regulation
Synthetic biology seeks to apply biological principles distilled from decades of basic
research to build, to rewire, and to engineer biological systems for a variety of purposes. Early
synthetic biology milestones, such as the classic oscillator and the genetic toggle switch circuits,
demonstrated the potential of repurposing well characterized regulatory sequences as building
block parts to create precise and robust synthetic regulatory circuits91,92. Since then, increasingly
more complex regulatory circuits have been successfully built and applied in diverse fields
including agriculture, industry, and medicine93–97.

Expanding the diversity of standardized

regulatory sequence parts available will be a key step toward building more complex and valuable
regulatory circuits, with regulatory sequences that can be robustly used in non-model bacteria
being especially important98–101. Finally, in silico approaches that can accurately predict regulatory
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sequence function from sequence alone will also be instrumental; even with our current
understanding of bacterial gene regulation, predicting regulatory behavior is a key challenge26,102.
Beyond systematically characterizing activities of cis-regulatory sequences to use as parts
in a circuit, trans-regulatory proteins can also be utilized to alter and engineer microbes through
modulating gene expression. Isalan et al. switched UTR sequences of global regulatory genes to
create novel regulatory logic circuits and connections103. Many altered regulatory networks were
not only viable, but also had beneficial phenotypes, demonstrating that rewiring regulatory
network logic can be a powerful approach to engineering cellular phenotypes. Furthermore,
expression of heterologous σ70 also enables cellular phenotype engineering; heterologous σ70 can
activate transcription from a different set of cis-regulatory sequences than native σ70

104,105

. In

addition, engineering of σ factors can also yield orthogonal trans-regulatory factors that can be
used to modulate gene expression30,106. Lastly, fully orthogonal transcriptional, translational, and
replication systems, using repurposed cellular machineries, offer exciting opportunities to
modulate cellular phenotypes, evolve proteins with novel functions, and build complex synthetic
systems 107–110.
Lastly, genome engineering is also a key facet of synthetic biology. In contrast to using
engineered plasmids, which can be horizontally transmitted and thus poses a biocontainment issue,
engineered genomes can decrease the overall risk of alien DNA proliferation111,112. Targeted
genome engineering often leverages recombination or nuclease-based approaches. Early nucleases
such as zinc fingers and TALENS have largely been replaced by cas nucleases and the CRISPRCas genome editing systems due to its programmability and versatility113. Derived from bacterial
immune systems, CRISPR system uses sequence specific gRNAs to target to the cas complex to
specific genomic loci and which generates dsDNA breaks, which can then be repaired to yield
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engineered genomes114–116. On the other hand, recombineering uses host-phage proteins, such as
the E. coli lambda-red recombineering proteins, exo, beta, and gamma, to integrate foreign DNA
into specific genomic loci using sequence homology arms117. Multiplexed Automated Genome
Engineering (MAGE) improves upon classical recombineering by using ssDNA oligonucleotides
which recombine more efficiently118. Furthermore, MAGE rounds can be continually cycled to
increase mutagenesis efficiency to desired levels, enabling construction of complex mutant
populations such as a saturation mutagenesis library119. Many new genome engineering
approaches continue to build upon established methods, such as combining MAGE
recombineering with CRISPR selection to further improve mutagenesis efficiency and using a
microarray synthesized oligonucleotide library and CRISPR to generate a diverse and tractable
mutant library120,121. Novel genome engineering approaches that are more efficient, that can be
applied on a larger scale, and that can be implemented in diverse species will further enable rational
engineering of microbes with beneficial functions.

Dissertation overview
This dissertation discusses the development and applications of various systems biology
tools and approaches for interrogating sequence-function relationships of various regulatory
components of bacterial gene regulation in both model and non-model bacteria.
In Chapter 2, a combination of systems biology approaches for exploring primary σ70
sequence diversity and function is discussed. First, we leveraged comparative genomics to gain an
overview of the sequence diversity of σ70 and observed distinct domain specific patterns of
evolutionary diversification. Next, using MAGE-seq, we generated a saturation mutagenesis
library of σ70 and explored its fitness landscape. Using ortholog sequence diversity and the fitness
8

mapping, we predicted that the fitness determinants in evolutionarily distant orthologs are
increasingly more different. Finally, we replaced the native RpoD in E. coli with orthologous σ70
and measured the resulting changes in gene expression using RNA-seq and a multiplexed reporter
assay with diverse regulatory sequences. Our results presented in this chapter demonstrate the link
between sequence and function of diverse primary σ70 factors.
In Chapter 3, regulation of biosynthetic gene clusters (BGCs) are investigated using a
library of BGC derived regulatory sequences in an Actinobacteria. BGCs are found across diverse
bacterial phyla and control synthesis of secondary metabolites, which are highly desirable for their
potential for a variety of applications including as therapeutics. However, many BGCs are
transcriptionally silent, and regulatory mechanisms controlling their expressions are hard to
decipher. We mined for putative regulatory sequences from BGCs and measured their
transcriptional activities using a Streptomyces host, S. albidoflavus, a popular host microbe for
heterologous expression of BGCs. We probed for gene expression determinants and identified
features related to gene expression, such as GC content, TSS, and sequence motifs from these
sequences. We next screened global regulatory factors for their capacity to modulate expression
of these regulatory sequences, demonstrating a potential approach for activating BGCs. Finally,
we developed and optimized a cell free platform for rapidly characterizing regulatory sequences’
transcriptional activities. Here, we demonstrate using high-throughput methods to dissect gene
regulation of a specific class of regulatory sequences in a non-model species.
Lastly, Chapter 4 highlights and discusses key recent studies that leveraged systematic and
synthetic approaches to dissect microbial gene regulation. Studies leveraging Oligonucleotide
Library Synthesis (OLS) is first discussed as a powerful approach to rapidly characterize
regulatory activities from thousands of DNA sequences. Through de novo synthesis, diverse
9

sequences of both natural and non-natural origins and their derivatives can be studied. Following
sequencing the library population or sequencing following cellular phenotyping, transcription and
translation levels of the library members can be measured. Next, expression of synthetic regulatory
proteins generated through domain shuffling or mutagenesis and heterologous regulatory proteins
are discussed as powerful approaches for dissecting regulatory networks and inducing changes in
global gene regulation. Lastly, a discussion on rewired regulatory networks generated through
removing, altering, or introducing novel regulatory connections is included. Together, this chapter
summarizes the current state of high-throughput analysis of gene regulation in microbial systems.
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ABSTRACT

Primary σ70 factors are key regulatory proteins found in all bacteria that interact with
regulatory DNA to control gene expression. It is however poorly understood whether the σ70
sequence diversity observed in nature reflects functional differences in different bacteria. Here, we
employed comparative and functional genomics to explore the sequence and function relationship
of the primary σ70 factor. Comparative genomics of ~13,000 σ70 protein sequences revealed
sequence conservation patterns that suggested domain-level evolutionary diversification. Using
MAGE-seq, we generated a comprehensive saturation mutagenesis library and high-resolution
fitness map of E. coli σ70 in domains 2-4. Mapping natural σ70 sequence diversity to the E. coli σ70
fitness landscape revealed significant predicted fitness deficits across σ70 orthologs. Interestingly,
these predicted deficits were larger than observed fitness changes for 15 σ70 orthologs introduced
into E. coli. Finally, we used a multiplexed transcriptional reporter assay and RNA-seq to explore
the differences in regulatory activity of several σ70 orthologs. This work provides an in-depth
analysis of σ70 sequence and function to improve efforts to understand the evolution and
engineering potential of this essential global regulator in bacteria.
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INTRODUCTION

Bacterial gene expression is coordinated through interactions between cis-regulatory DNA
sequences and trans-regulatory proteins to facilitate cell growth, adaptation, and response to
external stimuli1,2. During transcription, regulatory proteins recognize sequence motifs in the 5’
regulatory regions (e.g. promoters) upstream of protein-encoding genes to control their expression.
A key class of regulatory proteins in bacteria are sigma factors that control many essential
functions in the cell. To coordinate gene expression, sigma factors interact with an RNA
polymerase (RNAP) core enzyme (consisting of α2ββ'ω subunits) to form the RNAP holoenzyme
and directs the complex to promoter regions by recognizing specific regulatory signatures3,4. There,
sigma factors unwind the DNA duplex and facilitates transcription initiation. Sigma factors are
generally classified into either σ70 or σ54 protein families. The σ70 protein family contains primary
(group 1) and alternative (group 2-4) sigma factors and recognizes the -10/-35 promoter motifs.
The σ54 protein family has a different recognition domain that recognizes the -12/-24 promoter
motifs and is functionally, structurally, and evolutionarily distinct from σ70. In most microbes, the
primary σ70 protein encoded by rpoD or sigA, controls the expression of the largest fraction of
genes in the cell. The remaining alternative sigma factors regulate more targeted cellular functions
such as flagellar proteins or responses to environmental stressors3,4. In E. coli, the primary σ70
factor accounts for 60-95% of all sigma factors present in the cell during exponential growth and
binds to >50% of all sigma factor binding sites across the genome5–7.
The σ70 group 1 primary sigma factor encodes four conserved protein domains3,4. Domain
1 plays an inhibitory role, preventing free σ70 proteins from binding to DNA while not in complex
with the rest of the RNAP subunits. Domain 2 facilitates recognition of the -10 promoter motif as
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well as unwinding of the DNA duplex for transcription initiation, while Domain 3 interacts with
the extended -10 promoter motif. Domain 4 mediates recognition of the -35 promoter motif. Since
σ70 is highly conserved across microbes, promoter motifs similar to the canonical E. coli σ70 motif
have been reported from diverse bacterial species8–13. However, σ70-associated regulatory
sequences can be quite diverse even within a single genome such that any single sequence motif
will not necessarily predict transcriptional output14.
Changes to the primary sigma factors can alter the cellular transcriptome. Mutants of the
E. coli σ70 generated through laboratory evolution exhibit genome-wide transcriptional changes
that yield novel cellular phenotypes such as improved tolerance to environmental stresses15. Many
point mutations in σ70 Domain 2 or Domain 4 have been generated and characterized in the past
several decades16–18. These studies highlighted that single mutations in functional domains alone
were sufficient to elicit altered gene expression patterns from various model regulatory sequences.
Heterologous expression of an σ70 ortholog in E. coli also resulted in recognition of non-native
regulatory DNA, highlighting the flexibility of many sigma factor orthologs to interact with RNAP
to recognize non-native transcriptional signatures19,20. While these results suggest that σ70 can be
evolved or engineered to tune transcription in a variety of ways, the impact of specific σ70
mutations on the global transcriptome is still not fully understood.
Here, we performed systematic computational and high-throughput experimental studies
to profile the sequence-function relationship of σ70 and its impact on host gene expression and
fitness. Using comparative genomics, we first explored the evolutionary diversity of σ70 across the
tree of life to understand the functional conservation of key residues and domains of this global
regulator. We then employed deep mutational scanning to systematically dissect the impact of
individual residue mutations on σ70 function in E. coli to build out the most comprehensive
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experimentally generated fitness landscape of a bacterial σ70 to date. Variants from these fitness
measurements could be mapped to natural σ70 orthologs to assess functional selection during σ70
evolution. Replacement of the endogenous E. coli σ70 with natural orthologs revealed large-scale
transcriptome rewiring that could be further probed using a multiplex transcriptional reporter assay
to dissect determinants of transcription. These results offer a high-resolution map of the
evolutionary landscape of a bacterial σ70 primary sigma factor and its transcriptomic function
during evolution.

RESULTS
Evolutionary diversity of σ70 across bacteria
We first sought to systematically profile bacterial σ70 diversity by mining Group 1 σ70
orthologs of E. coli RpoD from Uniprot21, which yielded ~13,000 sequence variants from mostly
Proteobacteria (~42%), Firmicutes (~25%), and Actinobacteria (~16%). A phylogenetic tree based
on multiple sequence alignment (MSA) of these σ70 orthologs recapitulated the phylum and class
level assignments from their genome of origin (sFig 1A). In general, the phylogenetic distances
between E. coli RpoD and σ70 orthologs matched the 16S divergence of E. coli to their
corresponding bacteria (sFig 1B). At the residue level, the highest amino acid conservation (as
measured by Jensen-Shannon divergence22) was observed in RpoD throughout Domains 2, 3 and
4, and not in Domain 1 with the exception of Domain 1.2 (Fig 1A). These evolutionary
conservation patterns reflect key functional regions of RpoD, with Domain 2 (residues 379-449)
binding to -10 promoter motif and unwind the DNA duplex, Domain 3 (residues 458-535)
interacting with the extended -10 motif, and Domain 4 (residues 547-600) binding to the -35
motif3,4. Each of the four σ70 domains in diverse RpoD orthologs have varying amounts of residue
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differences (i.e. substitutions) to E. coli RpoD, which has been a canonical model of the primary
sigma factor (Fig 1B). Domains 2 and 4 have the lowest fraction of residue differences, which
reflects strong evolutionary conservation in these domains. The degree of residue differences in
each domain was well correlated with the 16S phylogenetic distances of σ70 orthologs to E. coli
(sFig 2A). Given the functional importance and observed conservation of Domains 2-4, we limited
our subsequent analyses and studies to these domains (matching to amino acid positions 379-613
of E. coli RpoD) and used a subset of 4,212 unique RpoD variants.
The distribution of residue differences in Domain 2 of σ70 orthologs exhibited a bimodal
distribution in which most variants either had zero or ~15 substitutions, which suggests two major
branches of sequence variants. Indeed, clustering the σ70 ortholog sequences by each domain
revealed that a majority of Domain 2 orthologs (~2,800 out of 4,212) formed two main clusters
belonging to Proteobacteria and Firmicutes (Fig 1C). For Domains 3 and 4 on the other hand, the
distribution peaks were found near the median residue difference counts, corresponding to 30 and
14 substitutions, respectively. These distributions of residue differences suggest that molecular
evolution in Domains 3 and 4 produced a more continuous spectrum of sequence variations.
Accordingly, Domains 3 and 4 needed more sequence clusters to fully account for the diversity
naturally found in these domains. In addition, the number of unique amino acids found at each
residue position across Domains 2-4 also showed that Domain 2 residues had fewer unique amino
acids compared to residues in Domains 3 or 4 (sFig 2B).
To better understand inter-domain σ70 evolution, we performed pairwise comparisons of
the substitution ratios between domains (Fig 1D). Substitution ratio is calculated by dividing
substitution counts by the length of a specific σ70 domain; this normalization allows us to compare
the degree of substitutions between domains. Higher substitution ratios were observed in Domain
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3 than in Domain 4, and higher ratios in Domain 4 than in Domain 2. This observation suggests
that, compared to E. coli RpoD, the phylogenetically closest orthologs have more Domain 3
diversity. On the other hand, more phylogenetically distant orthologs have greater Domain 3 and
4 diversity. The most phylogenetically distant orthologs from E. coli exhibit diversity in all three
domains. Thus, this diversity pattern suggests a possible order of σ70 evolution at the domain level,
which may reflect an order of functional diversification of the σ70 protein. To map and compare
domain divergence against phylogenetic diversity, we compared substitution ratios of each domain
stratified by phyla (sFig 3A) and found domain-specific relationships between substitution ratios
and phyla. For example, while Firmicutes σ70 showed higher Domain 2 substitution ratios than
Spirochetes, Fusobacteria, or Planctomycetes σ70, the opposite was observed in Domains 3 and 4.
These results highlight important domain-specific patterns of sequence diversity reflecting
evolutionary diversification of σ70.
Next, we explored whether various genomic signatures could help explain the observed
patterns of σ70 diversity. While genomic GC content has a strong influence on gene expression23,
we did not observe any relationship between GC content and RpoD residue substitutions patterns
(sFig 3B). We then analyzed the UTR regions, which is bound by σ70 during transcription initiation,
to see if sequence motifs in UTRs correlated with σ70 diversity. Different groups of UTR sequences
from putative σ70 regulated genes in different bacteria were used to predict σ70-associated
regulatory sequence motifs using BioProspector24 (see Methods). As expected, many bacteria used
the canonical -10 and -35 sigma factor motifs (TATAAT and TTGACA, respectively) while some
had more divergent motifs (sFig 3C). Interestingly, we observed a weak but significant inverse
relationship between degree of similarity to the E. coli -10/-35 motif and degree of divergence
from E. coli RpoD (sFig 3D). At the domain-level, Domain 4 showed the strongest relationship
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between RpoD conservation and motif similarity, suggesting that this domain co-evolves with the
regulatory DNA more so than the other domains. Together, our results so far provide insights into
global σ70 evolution from a comparative genomics lens that could be further contextualized with
systematic experimental data to reveal relationships between σ70 sequence and function.

Systematic dissection of the E. coli σ70 fitness landscape
To better understand the functional differences between RpoD variants, we sought to
systematically profile its sequence-function relationship by high-throughput mutagenesis and
phenotypic measurements. Because RpoD initiates a majority of cellular transcripts during
exponential growth, cellular fitness will be significantly affected by any RpoD mutations that alter
its function as a global transcription factor. To systematically interrogate the impact of σ70
mutations on cellular fitness and gene expression, we used the E. coli RpoD as a model and
targeted the single copy rpoD gene in the E. coli genome for saturation mutagenesis. We
previously showed that high-efficiency oligo-recombineering enables direct genomic mutagenesis
and fitness measurements of essential genes in a pooled format25. Accordingly, we used MAGEseq (Multiplex Automated Genome Engineering and deep sequencing26) to generate a
comprehensive mutagenesis library of RpoD along Domains 2-4, the most functionally interesting
regions (sFig4 A-B). 236 MAGE oligos were designed to each target a single residue position tiled
across Domains 2-4 (residues 379-613 and stop codon) of RpoD with degenerate NNN sequences
to create all 64 codon variants (see Methods). This oligo library yields a total of ~15K nucleotide
variants or ~4700 amino acid (AA) variants. After six rounds of MAGE in E. coli using this oligo
library, the rpoD gene was amplified from the mutagenized cell population by PCR and analyzed
by deep sequencing, which showed that 18% of the population carried single codon rpoD
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mutations (sFig 4C). After correcting for sequencing errors (Methods, sFig 4D), 14,576 out of
14,868 total possible variants could be detected in the population, representing a >98% coverage
of the mutational sequence space.
To determine the fitness of individual rpoD variants, we performed pooled growth
competition on the mutagenized population over time. Competition experiments were carried out
in a turbidostat with at least 108 cells under exponential growth to prevent population bottlenecks
and maintain a constant growth selection pressure. The cell population was sampled at regular
intervals and rpoD variant frequencies were assessed by deep sequencing. The relative fitness of
each mutant was determined by fitting the relative change in variant frequency over time to a loglinear regression compared to wild-type rpoD (sFig 4B). A fitness of 1 means same growth rate
as wild-type RpoD, while a fitness of 0 means no measurable growth and loss from the population
at the turbidostat dilution rate. These growth measurements yielded a near comprehensive fitness
landscape of all single codon variant of RpoD (Fig 2A, sFig 5A/B).
The RpoD fitness map showed expected and novel features of the protein. As anticipated,
premature stop codons had a low mean fitness of 0.23 with a standard deviation of 0.25 (sFig 5C).
The non-zero fitness of premature stop codons can be attributed to experimental noise at low
growth regimes and residual RpoD proteins that may give some background growth. Interestingly,
premature stop codons were tolerated in the last three residues, suggesting that RpoD can support
C-terminal truncations of the last three residues without any negative functional impact. On the
other hand, sense mutation of the wild-type rpoD stop codon showed reduced fitness, suggesting
that a C-terminal translational run-on is not well tolerated (i.e. the next downstream stop codon is
49 residues away). As expected, synonymous mutations showed little fitness impact, while nonsynonymous mutations had a wide range of fitness effects (sFig 5D). Notably, proline substitutions,
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which increase conformational rigidity and often significantly change protein secondary structure,
exhibited low fitness throughout RpoD. Using principal component (PC) analysis, we further
assessed the global biochemical determinants of RpoD and found that the first four PCs could
explain ~85% of the variance in the fitness data (sFig 6). These matched key amino acid
biochemical properties including free energy (PC1), hydrophobicity (PC2), steric hinderance or
size (PC3) and helices (PC4).
To better assess the RpoD fitness landscape, we analyzed its distribution of fitness effects
(DFEs) (Fig 2B). The RpoD DFE is bimodally distributed with a narrow fitness peak centered near
1 (i.e. neutral mutations) and a wide fitness peak centered at ~0.25 (i.e. detrimental mutations)
(sFig 5B). From other systematic mutagenesis studies
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, bimodal DFEs are commonly

observed in fitness landscapes of many proteins that are essential for cellular function, confer
antibiotic resistance, or produce fluorescence. Using a fitness threshold of 0.95 (i.e. 3 standard
deviation below the mean fitness of synonymous mutations) to separate between neutral (≥0.95)
and detrimental (<0.95) mutations, we find that 52.9% of RpoD mutants were deleterious. In
comparison, 48% and 38% of mutations in essential proteins IF1 and DHFR, respectively, were
deleterious based on similar MAGE-seq fitness measurements25,30. At the domain-level, 70.9% of
Domain 3 mutations were near neutral (≥0.95) compared to 22.4% and 36.6% for Domain 2 and
Domain 4, respectively (Fig 2B). Therefore, the mutational paths that do not yield significant
negative fitness effects are notably more restricted in Domains 2 and 4 than in Domain 3.
The mutational fitness patterns of E. coli RpoD also matches natural RpoD evolution. In
general, neutral residues are not evolutionarily conserved, while functionally important residues
are highly conserved. As expected, plotting the mean fitness of all amino acid substitutions against
the evolutionary conservation for each residue position revealed this inverse correlation (Fig 2C).
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To determine the relationship between mean fitness of substitutions and conservation between
RpoD domains, we compared the linear regression slopes of non-neutral (mean fitness <0.95)
residues in each domain. Upon further stratification by domains, we observed that the slopes
between fitness and conservation were different for each domain. Domain 3 had the flattest slope
(-0.65 +/- 0.22) followed by Domain 2 (-1.26 +/- 0.45) and then Domain 4, which had the steepest
slope (-2.12 +/- 0.34). These slopes suggest that fitness impacts differ for different domains for
residues with similar degree of conservations. As such, different selective forces may be driving
the evolution of each RpoD domain separately.
Mapping the RpoD fitness landscape to its 3D protein structure (Fig 2D) showed that
residues in Domains 2 and 4 that make up alpha-helices and helix-turn-helix motifs in close
proximity to DNA had significant sensitivity to mutations. On the other hand, mutations in Domain
3, which do not have major structural motifs, did not have much impact on fitness. We further
applied hierarchical clustering to the fitness landscape, which yielded three discrete groups of
residue positions, with 37 positions (15% of protein) being highly deleterious, 76 positions (33%)
being variably deleterious, and 118 position (51%) near neutral (sFig 7A-C). Certain residues,
such as tryptophan, valine, and arginine residues were generally more likely to be clustered into
highly or variably deleterious functional groups, highlighting their functional importance in these
specific positions. Together, these data highlight specific residues in helices of the DNA-binding
domains are major determinants of sigma factor impact on cellular fitness.
Comparison of our fitness data with data from previous σ70 mutagenesis and structural
studies revealed many confirmed and novel residues (sFig 7B, D). Sixty-three residue positions
have been reported in the literature to affect RpoD function 32–39. Of these, 54 residue positions
also showed functional importance in our data (i.e. 26 highly deleterious and 28 variably
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deleterious fitness values). Seven positions did not exhibit any fitness change, while two positions
had no fitness information in our dataset. Importantly, we found 11 new residue positions in
Domains 2 and 4 that were functionally important (e.g. residues 408, 411, 415, 431, 450, and 453
in Domain 2 and residues 576, 577, 582, 590, and 591 in Domain 4). For Domain 2 residues, we
suggest potential functions based on nearby annotated residues: 408, 411, and 415 for core RNAP
binding; 431 for -10 motif DNA melting; 450 and 453 for extended -10 promoter motif interaction.
New Domain 4 residues are all located within the helix-turn-helix motif mediating the -35 motif
recognition. Furthermore, of 76 variably deleterious residue positions only 28 were previously
reported, while 48 new residue positions identified. Together, our RpoD fitness map paints a rich
residue-level picture of protein function and evolutionary diversity.

Predicting fitness landscapes of σ70 orthologs
Given that the σ70 sigma factor has rich sequence diversity across bacterial genomes yet
highly conserved essential function, we explored ways to functionally map diverse σ70 orthologs
at the sequence level. We assumed that within a genome, the native σ70 protein has evolved to a
near optimal sequence. Thus, we wondered whether the protein fitness landscapes of different σ70
orthologs (as measured by global cellular fitness) are similar and if we can use the E. coli RpoD
saturation mutagenesis data to assess the fitness impact of sequence variations in different
orthologs. We first took a subset of 1,284 unique σ70 orthologs from the ~13,000 sequence set and
identified residue differences compared to the E. coli RpoD sequence. A total of 79,214 residue
differences (i.e. variants) were found, with an average of ~63 residue variants per ortholog. We
then mapped each ortholog residue variant to the E. coli RpoD fitness values generated from the
saturation mutagenesis data to assess fitness of observed natural residue variants. In general, the
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majority of variants exhibited a fitness value ≥0.95 across Domains 2-4 (Fig 3A), suggesting that
mostly residues with near neutral fitness impact are observed in σ70 orthologs. Interestingly, ~13%
of residue variants had lower fitness values (<0.95) compared to 53% of all possible variants. At
the individual domain level Domain 4 (28%) had more residues with lower fitness than Domain 2
(14%) and Domain 3 (10%), compared to all possible domain variants (63%, 78%, 29%,
respectively) (sFig 8A). This result implies that Domain 4 has more frequently acquired seemingly
deleterious mutations than expected compared to Domains 2 and 3. Furthermore, we find that
evolutionarily more distant orthologs (measured in 16S divergence) tend to accumulate more
deleterious mutations (Fig 3B).
To assess how observed residue variants behave together in an ortholog, we explore a
simple “additive” fitness model. We calculated the expected aggregate fitness of each ortholog by
integrating the fitness values of individual residue variations together, assuming that residues do
not interact and that each residue’s function is independent of one another. In this simple model,
the expected aggregate fitness is the product of fitness values of all observed residues in each
ortholog (sFig 8B). For example, the expected aggregate fitness of an ortholog with four observed
residue variants, each with a fitness value of 0.99, 1.01, 0.90 and 0.80 would be 0.72
(0.99*1.01*0.90*0.80). We calculated the expected aggregate fitness for the 1,284 σ70 orthologs
and plotted these values against their sequence diversity as measured by the number of residue
differences with E. coli RpoD (Fig 3C). Interestingly, orthologs with fewer than 20 residue
differences had near neutral expected aggregate fitness values (≥0.95). Orthologs with more
diversity (>20 residues differences) had lower expected aggregate fitness values down to 0.01 for
the most distant orthologs (~110 residue differences or ~53% sequence identity to E. coli). These
results suggest that neutral mutations are more often observed in phylogenetically similar
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organisms while more distant organisms can contain seemingly deleterious mutations. To
contextualize this pattern to a naïve model, we generated synthetic orthologs of varying degrees
of sequence diversity to E. coli RpoD with random residue differences and calculated their
aggregate fitness (Fig 3C). As expected, the aggregate fitness of natural orthologs are much higher
than synthetic orthologs across all sequence diversity distances.
We also calculated domain-level aggregate fitness and found distinct domain-specific
patterns. In particular, the aggregate fitness for Domain 4 reached a lower value than Domain 2,
suggesting that seemingly more deleterious mutations are acquired (sFig 8B). This result is
somewhat surprising given that Domain 2 mutations in general have lower individual fitness values
than Domain 4 mutations. Plotting the domain-level aggregate fitness against sequence diversity
across the entire ortholog (i.e. Domains 2-4), we find that Domain 2, and to some extent Domain
4, contained residue variants that impact aggregate fitness in more distant orthologs (Fig 3D). Even
though many orthologs have low calculated aggregate fitness, we expect all σ70 orthologs to be
optimally fit in their respective natural genetic backgrounds (e.g. fitness of 1). Therefore, we can
consider a “fitness deficit” metric for each ortholog compared to E. coli RpoD through a simple
transformation of [1 – expected aggregate fitness]. This fitness deficit can arise from differences
in the fitness landscapes between the ortholog and the E. coli RpoD due to compensatory or
epistatic mutations. We speculate that neutral mutations may alter the fitness landscape to facilitate
otherwise detrimental mutations that incur prohibitive fitness costs. In turn these results suggest
that Domain 3 residue variants, which are observed more frequently in closely related organisms
to E. coli, may help to explain the fixation of seemingly detrimental mutations observed in distant
orthologs.
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Functional characterization of σ70 orthologs in E. coli
In previous studies, σ70 orthologs heterologously expressed on a plasmid led to changes in
host gene expression, showing that orthologs could interact with non-native transcriptional
machinery19,20. To more rigorously measure the degree of functional conservation of σ70 orthologs
in a non-native host, we replaced the endogenous E. coli RpoD with different RpoD sequences
from other bacteria and measured growth and transcriptional changes in the resulting strains. For
σ70 orthologs with high functional conservation to E. coli σ70, we expect minimal growth and
transcriptional changes. On the other hand, differences in growth rate and transcriptional responses
would reflect differences in σ70 function. We used recombineering and CRISPR-selection to
replace the chromosomal E. coli RpoD with orthologs from diverse bacteria (see Methods). E. coli
mutants (EcJP1-15) each carrying one of 15 orthologs with 3 to 96 residue differences from E. coli
RpoD were successfully generated. These orthologs represented a diverse panel of σ70 sequences
belonging to mostly Proteobacteria (six Gammaproteobacteria, four Alphaproteobacteria, three
Betaproteobacteria, and one Deltaproteobacteria) and one Actinobacteria (sFig 9A) and contained
residue differences with varying fitness impacts (Fig 4A).
To measure the global fitness impact of each ortholog on E. coli growth, we pooled all
strains with the wild-type E. coli and grew them in a turbidostat40. Sampling from the population
over time and amplicon sequencing for the RpoD region yielded relative fitness measurements that
showed high correlation across two independent competition assays, which also matched growth
rates derived from individual growth assays (sFig 9B). We compared the measured fitness with
the expected aggregate fitness derived from the saturation data and found a good positive
correlation (Fig 4B, sFig 9C). We noted that in general the measured fitness values were higher
than the expected aggregate fitness values, which implied that residue differences in orthologs had
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positive synergistic effects on fitness. Importantly, this fitness differential (i.e. fitness difference
between expected aggregate fitness and measured fitness) positively correlated with the number
of residue differences (Fig 4C). These results demonstrate that distant orthologs can function in
non-native host, and that synergistically beneficial interactions between residues likely buffer
against otherwise deleterious mutations as sequences diverge over time.
To further probe the effects of σ70 orthologs on cellular fitness, we performed detailed gene
expression profiling on two strains (EcJP9, EcJP14) that contained a σ70 ortholog derived from
either Myxococcus xanthus (Mx σ70) or O. urethralis (Ou σ70). While these orthologs had a similar
number of residue differences from E. coli σ70 (51 for Mx σ70 and 50 for Ou σ70), their measured
fitness differentials were quite different. Mx σ70 exhibited a low measured fitness (~0.49), similar
to its expected aggregate fitness (~0.48). In contrast, Ou σ70 exhibited a high measured fitness
(~0.95), but its expected aggregate fitness was much lower (~0.71). We therefore performed RNAseq of the Mx σ70 and Ou σ70 strains to profile their transcriptional changes compared to WT E.
coli (Ec σ70) across biological replicates. Interestingly, compared to Ec σ70, the number of
differentially expressed genes (DEGs) for Ou σ70 was fewer than the number of DEGs for Mx σ70
(Fig 4D, sFig 10A), in line with what might be expected from the measured fitness data.
Accordingly, the transcriptome of Ou σ70 was also more similar to Ec σ70 than that of Mx σ70 (sFig
10B).
In general, about three times more DEGs were observed in Mx σ70 than in Ou σ70, but there
was not a big difference in the direction of gene expression change (about half were upregulated
and half were downregulated) (Fig 4D, sFig 10C). Amongst the ~300 E. coli essential genes40,
both Mx σ70 and Ou σ70 upregulated a similar number of essential genes (8 for Mx and 5 for Ou),
while Mx σ70 downregulated 33 essential genes compared to just 2 in Ou σ70 (Fig 4E). The larger
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number of downregulated essential genes in Mx σ70 likely contribute to the significant fitness
decrease observed in the strain. While it might be expected that the transcriptional differences in
Mx σ70 and Ou σ70 may be due to differences in their respective optimal σ70 binding motif, we
could not identify any significant motif differences from the regulatory regions of their DEGs.
Together, these results highlight the complex functional and fitness constraints that shape σ70
evolution in bacteria.

Transcriptional activation potential of σ70 orthologs
To more deeply profile the global transcriptional changes due to different σ70 factors in E.
coli, we utilized a multiplex reporter assay to characterize the activity of a library of diverse
regulatory sequences with strains EcJP9 (Ou σ70), EcJP14 (Mx σ70), and EcNR2 (Ec σ70).
Measurement of non-native regulatory sequences in E. coli that possess alternative σ70 orthologs
allows us to directly determine differences in σ70 specificity or function independent of the
endogenous regulatory network. We thus mined for UTRs that are >100 bp in the E. coli, M.
xanthus, and O. urethralis genomes to yield a library of ~6,000 regulatory sequences (sFig 11A).
This library was synthesized as a pool of barcoded oligonucleotides, cloned into a reporter vector,
and transformed into strains EcJP9, EcJP14, and EcNR2, which contained different σ70 factors
(sFig 11B). We next performed targeted DNA-seq and RNA-seq to yield relative abundance
measurements of DNA and RNA levels that were then used to compute a relative transcription
activity (Tx value) for each regulatory sequence. Tx values were normalized to qPCR-derived
expression levels of an invariant control gene, infC, which enabled comparisons of Tx activity
between different E. coli strains (i.e. TxO, TxM, TxE). These Tx measurements showed high
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correlation between replicates (both biological and barcode replicates) (sFig 11C) and with qPCRbased expression measurements (sFig 11D), and spanned over 3 orders of magnitude.
Comparing between σ70 orthologs, we observed that the median TxM was lower than
median TxE or median TxO (Fig 5A), suggesting that Mx σ70 had a lower transcriptional output
overall, which is in agreement with its observed reduced fitness (~0.49). Interestingly in all
orthologs, regulatory sequences derived from the Ou genome had the highest expression, followed
by Ec and Mx derived sequences. Given the genomic GC content of Ou, Ec, and Mx (46%, 50%,
and 69%, respectively), our observed Tx trends are in agreement with previously observed
correlation that lower GC regulatory sequences yield higher gene expression23,41 (sFig 12B). To
understand how the σ70 orthologs changed Tx activity compared to wild-type E. coli, we
normalized TxO values for each regulatory sequence with their corresponding TxE values (TxO/E)
and similarly for TxM with TxE (TxM/E) and further subgrouped these values by the genomic source
of the regulatory sequences (i.e. TxO/EO, TxO/EE, TxO/EM, etc.). We observed that TxO/EM was notably
higher than TxO/EO, and TxO/EE (Kolmogorov–Smirnov (KS) test, p<10-104 and p<10-168,
respectively) (Fig 5B), indicating that Mx sequences have a higher activity with Ou σ70 than Ec
σ70. We also observed small but statistically significant difference in the distributions of TxM/EO,
TxM/EE, TxM/EM (KS test, TxM/EM and TxM/EE: p<10-22, TxM/EM and TxM/EO: p<10-22, TxM/EO and
TxM/EE: p<0.0164), indicating that differential gene expression patterns between σ70 orthologs may
be correlated to GC content.
To better understand the differences in the relationships between GC content of regulatory
sequences and the resulting gene expression patterns from different σ70, we performed a linear
regression to identify correlation between GC content and Tx values between σ70 orthologs. The
slope of the Mx σ70 regression indicated the strongest inverse relationship between GC content and
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Tx levels than compared to Ec σ70 or Ou σ70 slope, which had the weakest relationship (t-test, p <
0.05 for all pairwise slope comparisons) (Fig 5C). This result suggests that the same degree of
decrease in regulatory sequence GC content generally yields a larger transcriptional increase in
Mx σ70 compared to Ec σ70 or Ou σ70. Interestingly, this relationship is also correlated to the
genomic GC content, implying that the gene expression patterns from higher GC genomes may be
more sensitive to GC content in the regulatory region. We speculated that this GC-dependent
sensitivity may be due to the fact that the canonical σ70 motif is rich in A/T bases. In a GC rich
genome, simply having higher AT content in UTRs may be sufficient to facilitate recognition and
binding. In contrast, AT rich genome may require a more stringent sequence similarity to the
optimal σ70 motif for recognition and binding by σ70 factors. Therefore, in GC-rich genomes, σ70
binding sites should have more A/T bases than the background GC distribution of UTRs and a
higher variance in GC content in the UTRs than compared to AT-rich genomes. Indeed, when we
mined 5’ UTR sequences from ~1,300 bacterial genomes (see Methods) and compared the GC
content against the GC variance, we observed significantly higher variance in GC content for GCrich genomes (sFig 12C). Together, these results suggest that higher GC variance in UTRs may
be a consequence of σ70 evolution that is influenced by genomic GC content of the organism.

DISCUSSION
Here, we explored the evolutionary diversity of the primary σ70, its fitness landscape in E.
coli, and its functional capacity with σ70 orthologs. While there is generally high evolutionary
conservation of σ70, domain-level differences suggested different evolutionary forces driving
diversification of this global regulator. Using MAGE-seq, we generated a saturation mutagenesis
library that tiled across Domains 2-4 of the E. coli σ70 and characterized the resulting fitness
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landscape. By contextualizing evolutionary sequence divergence with the E. coli σ70 fitness
landscape, we found that E. coli σ70 tolerated most individual residue differences found in natural
orthologs. Interestingly, residues that incurred significant fitness cost were observed in orthologs
that were phylogenetically distant from E. coli, suggesting reshaped fitness landscapes that
compensated for these otherwise predicted fitness deficits. Accordingly, when natural orthologs
were used in place of the endogenous E. coli σ70, we found that the fitness loss from a simple
aggregate fitness model were lower than expected in general. Decreased cellular fitness with
different σ70 orthologs could be attributed to more down-regulation of essential genes based on
transcriptomic measurements. Finally, we used a regulatory sequence library to identify
differences in regulatory activation capacity of two σ70 orthologs compared to E. coli σ70 and
identified unique patterns of expression that is dependent on both regulatory GC content and the
σ70 orthologs.
Bacterial genomic GC content appears to correlate with genome size and regulatory
complexity42. Genomic GC drift is thought to arise from mutational processes and selective
biases43–46 that also result in reduced GC content of intragenic UTRs47. In this study, we observed
that σ70 orthologs derived from Myxococcus and Oligella species with very different GC content
exhibited distinct patterns of transcription activation potential. While σ70 appear to be functionally
conserved to a large extent and portable between bacteria within the phylum level, σ70 of GC-rich
Myxococcus yielded a stronger inverse relationship between regulatory GC content and expression
levels than that of σ70 of AT-rich Oligella. GC-rich genomes were also observed to have UTRs
with a larger variance in GC content, which further supports the link between the genomic GC
content and σ70 functionality.
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For practical reasons we mainly focused on Domains 2-4 of σ70 in our study. However,
Domain 1, which is more variable than Domains 2-4, may further contribute to shaping the
evolutionary trajectory of σ70 not accounted for here. Another caveat of this study is that the σ70
orthologs are characterized in the E. coli context and that suboptimal interactions of specific
residues in σ70 orthologs with the native E. coli RNAP could impede global transcriptome in very
complex ways. For instance, Mx σ70 exhibited a lower overall transcription level based on our
promoter library measurements, which may be caused by one of its many residue differences from
E. coli σ70 that reduced its ability to bind or interact with the E. coli RNAP. Exploration of other
bacterial backgrounds could shed light on host-specific differences to better explore σ70 orthologs
beyond Proteobacteria. In this study, efforts to introduce σ70 variants from more phylogenetically
distant bacteria were mostly unsuccessful, which highlight significant fitness cost and functional
differences that may be found in more distant σ70 orthologs. These further explorations could
propel understanding and better modeling of bacterial regulation to allow precise control and
engineering of gene regulation in a variety of non-model bacteria while accounting for complex
evolutionary forces driving the selection of global regulators.

METHODS
Evolutionary Sequence Divergence Analysis
Orthologs of E. coli RpoD were mined from the Uniprot database. Search criteria were
proteins from Bacteria; gene name is RpoD or SigA, and encodes domains sigma 70 regions 2, 3,
and 4. Sequences were downloaded on 2017-11-17. Phylogenetic assignments of each orthologs
were extracted from the Uniprot entry metadata. GC content of rpoD coding sequences were
extracted from parsing through linked protein and nucleotide refseq entries. Ortholog amino acid
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sequences were used to generate a multiple sequence alignment (MSA) with Clustal Omega52
using the following parameters: --full, --full-iter, --iter = 5. Resulting MSA was used to quantify
RpoD conservation via Jensen-Shannon divergence22. Maximum Likelihood phylogenetic tree was
constructed using FastTree253. Phylogenetic tree visualized through iTOL54. We extracted RpoD
evolutionary divergence distance using the branch length distances between E. coli RpoD and all
other orthologs on the phylogenetic tree.
Corresponding 16S sequence for each uniprot RpoD ortholog entry was extracted from
Greengenes database by matching the NCBI taxa ids from Greengenes accessions and Uniprot
metadata for each entry. Compiled 16S sequences were aligned with MAFFT55 using default
settings. Resulting MSA was used to generate a phylogenetic tree with FastTree2. 16S
evolutionary divergence distances were compiled using the branch length distance between E. coli
16S and all other 16S sequences.

σ70 Sequence Motif Analysis
To screen for genes regulated by primary σ70 we sought to identify cellular functions
correlated with σ70 regulation. From regulonDB6, we isolated all genes regulated by E. coli σ70 and
compared their COG functional categories60 against all E. coli genes and identified F/K COGs
(nucleotide metabolism and transcription related genes) as enriched in σ70 regulated genes (sFig
3E). Next, we mined UTRs (100bp to 25bp upstream of all start codons) of all F/K COG genes in
each bacterial genome in the COG dataset. BioProspector24 was used to generate bipartite sequence
motifs for each genome using the following standard parameters: -d 1 -n 200 -w 8 -W 8. Each
motif search was background normalized using its cognate genome sequence. 12 motifs were
generated for each genome using various max/min gap combinations (min gap: 13-16, max gap:
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19-21) and the best motif for each genome was selected by comparing the sum of all motif
correlations against all other motifs. Next, each motif was subjected to score (BioProspector score
> 2), counts (UTR counts > 50) thresholds. Lastly, we selected a subset of motifs and genomes
who’s primary σ70 could be matched to a σ70 in our ortholog dataset, yielding a final set of 156
motif and σ70 ortholog pairs.

Saturation Mutagenesis of E. coli RpoD
E. coli EcNR2 strain was used to generate a saturation mutagenesis library of rpoD using
MAGE. 236 70-mer oligonucleotides were designed to systematically mutate all positions between
379-613 and the stop codon of E. coli rpoD gene (Synthego). Each oligonucleotide was designed
with 34 and 33 base pairs of 5’ and 3’ homology to rpoD respectively. Homology regions flanked
an NNN codon for mutagenesis of all 64 codon variants.
Mutagenesis region (positions 379-613) was split into six bins and MAGE oligos were
pooled accordingly to achieve full sequencing coverage. First two bins covered 44 and 48 amino
acids, respectively, while the last four bins covered 36 amino acids each. Six iterative rounds of
MAGE were carried out. EcNR2 strain was inoculated from a glycerol stock and cultured
overnight at 30°C. Next morning, 100uL of the overnight culture was inoculated into 3mL of LB
with 50 ug/mL carbenicillin (Fisher Scientific, BP26485) and grown until 0.5 OD600 was reached.
Then the cultures were transferred into a 42°C shaking water bath for 15 minutes to induce
recombineering proteins. Following induction, the culture was chilled down immediately in an iceslurry. 1mL of cells were pelleted in a pre-chilled centrifuge (Eppendorf, 5424R) and then washed
twice with pre-chilled distilled water (ThermoFisher, 15230162). Washed cell pellet was
resuspended in 50uL of 5uM MAGE oligo pool, transferred to a 0.1cm electroporation cuvette
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(Bio-Rad, 1652089), electroporated at 1.8kv (Bio-Rad, MicroPulser), and recovered in 3mL LB at
30C until 0.5 OD600 was reached. This protocol was repeated until 6 total MAGE cycles were
performed. After the 6th MAGE cycle, resulting populations were transferred immediately to a
turbidostat for competition experiments.

Competition Experiments
Competition experiment for the saturation mutagenesis library was carried out using a
custom built turbidostat in a 30°C incubator. A single competition was performed for each MAGE
mutagenesis bin. An LED and a photodiode were used to continually measure the optical density
of the culture. Then an OD600 threshold of 0.4 was reached, the turbidostat diluted the culture by
half to OD600 of 0.2. Fresh LB was added and excess media was removed from the culture by
peristaltic pumps. This way, the competition cultures were constantly maintained at exponential
growth phase, between OD600 0.2-0.4. After the sixth round of MAGE, resulting populations were
used to inoculated a culture tube containing 10mL LB and was placed in the turbidostat. First
timepoint was collected when the population reached 0.4 OD600 for the first time. Subsequent
timepoints were collected at 1, 2, 3, 4, 5, 6, 9, and 12 hours after the initial timepoint for a total of
9 timepoints. To collect timepoint samples, we removed 1 mL from the culture with using a 1mL
Luer-Lok syringe (BD, 309628) with a blunt needle (Air-Tite, NB18212), pelleted in a pre-chilled
centrifuge (Eppendorf, 5424R), washed once with pre-chilled PBS (Gibco, 10010049), pelleted
again, removed supernatant, and stored the pellet at -20°C until all samples were collected. For
competition experiments with E. coli strains expressing ortholog sigma factor variants, we used
the eVOLVER51 on the turbidostat mode. All parameters for the turbidostat was kept same.
Overnight cultures of sigma factor ortholog variants were pooled to equal volume and used to
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inoculate an eVOLVER culture tube containing 20mL LB. Samples were harvested using the same
regimen as described above for MAGE mutants.

Library Preparation and Sequencing
Genomic DNA was prepped from each timepoint sample (GE life sciences, 28904259).
1uL gRNA was used to amplify the mutagenesis loci of each MAGE bin in a 20uL PCR reaction
with 1x Q5 Hot start HiFi Master Mix (NEB, M0543L), 1x SYBR Green (Invitrogen, S7567) and
0.5uM of forward and reverse primer pools (Supplementary Table). PCR (95°C 30s, cycle: 95°C
10s, 65°C 10s, 72°C 10s; and 72°C 2min) was performed on a real time PCR machine (Bio-Rad,
CFX-96) and the reaction was terminated during exponential amplification. Same PCR steps were
used to amplify gDNA prepped from ortholog competition samples using primers (Supplementary
Table) designed to amplify a region (corresponding to RpoD residues 532-581) that could
differentiate all ortholog sequence variants. 0.1uL of the first PCR was used to perform a second
20uL (1x Q5 Hot start HiFi Master Mix, 1x SYBR green, 0.5uM of p5_X and p7_X amp2 primers
(Supplementary Table)) PCR (95°C 30s, cycle: 95°C 10s, 72°C 30s; and 72°C 2min) reaction (ran
on real time PCR machine to terminate reaction during exponential amplification) to add sample
barcode indexes and Illumina p5 and p7 adapter sequences. Samples were pooled together for
sequencing following quantification of dsDNA concentration (Invitrogen, Q32851) of each sample,
cleaned up using 2x SPRI beads (Beckman Coulter, A63881), and sequenced according to Illumina
sequencing protocols. Three Illumina NextSeq 300-cycle (150 pair-end) mid-output kits were used
to sequence six RpoD MAGE mutagenesis bins (two bins each) (Illumina, 20024905). Ortholog
competition library was sequenced using an Illumina MiSeq 300-cycle micro-output mode (200
single-end) (Illumina, MS-103-1002).
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Saturation Mutagenesis Library Sequencing Analysis
Raw reads from each sample were pair-end merged with Seqprep using default settings.
Next, expected error score was calculated for each read and any reads with expected error score
>1 was designated as low quality read and then discarded from further analysis. Then each read
was tallied as a WT sequence or a mutant sequence. Any sequences with mutations in more than
one codon were discarded. Counts of each sequence variants were used to calculate relative
frequencies of WT and mutants. To correct for miscalls, relative frequencies of mutants from
sequencing of the control WT was used to subtract the relative frequencies of mutants from each
timepoint. For each mutant sequence, corrected relative frequencies from each timepoints were
used to generate a log linear regression. The slope of the regression was normalized to the dilution
rate of the culture during the competition experiment to yield a fitness metric from 0 to 1. Fitness
of 1 means that the mutant has the same growth rate as the WT sequence while fitness of 0 means
that the mutant does not grow.

Cloning RpoD Ortholog Sequence Strains
To generate orthologous sigma factor strains we first generated an EcNR2 strain lacking
carbenicillin resistance by inserting three stop codons and a frameshift mutation into the bla gene
through MAGE (EcJP0)49. Next, plasmid pMA7CR encoding an inducible cas9 gene was
introduced into EcNR2 through electroporation using standard transformation protocols. Plasmids
encoding gRNA targeting different rpoD loci (rpoD_pam0, rpoD_pam1, rpoD_pam4, rpoD_pam6)
were cloned into pMAZ-SK plasmid using USER cloning as previously described50(pMAZrpoD_pam0, pMAZ-rpoD_pam1, etc.). Dual gRNA plasmid constructs were cloned through
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Gibson assembly (NEB, E5520S) of gRNA expression cassette of one gRNA plasmid into a
linearized plasmid encoding a different gRNA sequence. Specifically, pMAZ-rpoD_pam14
plasmid was made through Gibson assembly of pam1 expression loci (amplified from pMAZrpoD_pam1 plasmid with primers JP559 and JP560 and pam4 linearized plasmid (amplified from
pMAZ-rpoD_pam4 plasmid with primers JP561 and JP562). pMAZ-rpoD_pam06 gRNA plasmid
was constructed using the same approach with pMAZ-rpoD_pam0 and pMAZ-rpoD_pam6
plasmids in place of pMAZ-rpoD_pam1 and pMAZ-rpoD_pam4 plasmids respectively.
Ortholog sigma factor sequence variants were synthesized as dsDNA fragments (IDT
gblocks). To generate orthologous sigma factor strains, dsDNA fragment encoding sigma factor
variant and a dual gRNA plasmid (pMAZ-rpoD_pam14 for all fragments except for construct
F9Y183 which was cloned with pMAZ-rpoD_pam06) were electroporated together into EcNR2
strain with pMA7CR. Following electroporation, samples were inoculated into 3mL LB +
100ug/mL carbenicillin and recovered at 30°C for 1 hour. Then, kanamycin (Fisher Scientific,
BP9065) was added to the culture at 50ug/mL final concentration and was recovered for another
2 hours at 30°C. Then, anhydrous tetracycline (Cayman, 10009542) was added to the culture at
200ng/mL final concentration and recovered for another 2 hours at 30°C. Dilutions of the
recovered culture was used to plate on LB-agar plates with 100ug/mL carbenicillin and 50ug/mL
kanamycin and was incubated at 30°C overnight. Recombinant RpoD clones were screened via
sanger sequencing with primers JP130 and JP131.

Transcriptomic analysis of orthologous rpoD mutants
EcNR2 strains encoding three different σ70 sequence variants (Ec σ70, Mx σ70, Ou σ70)
strains were grown overnight from a glycerol stock. 166uL of the overnight culture was used to
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inoculate a 5mL culture and was harvested for total RNA when the culture reached mid-log growth
(OD600 0.5). For each strain, a total of four biological replicates across two days were harvested
via RNAsnap56. DNA was removed from the total RNA with turbo DNase (Invitrogen, AM2239).
Next, rRNA was depleted with the Ribo-Zero magnetic kit for Bacteria (Illumina, MRZB12424).
DNA free, rRNA depleted RNA samples were used to prep a sequencing library with NEBnext
ultra directional RNA library kit (NEB, E7420L). Sequenced on the Illumina Nextseq platform
with 300 cycle mid output kit. Analysis of resulting RNAseq data was carried out with
Trimmomatic57 for cleaning up reads, bowtie58 for alignment, HTSeq59 for RNA counts, and
DEseq259 for differential gene expression analysis.

Regulatory Sequence Library Construction
5’ untranslated regions (UTRs) of every annotated coding sequences were mined from the
genomes of Escherichia coli (NC_000913), Myxococcus xanthus (NC_008095), Oligella urethalis
(NZ_AQVB00000000.1). UTRs shorter than 100 base pairs were discarded and 100 base pairs
immediately upstream of each start codon of the remaining UTRs were compiled. To each
regulatory sequence, we added a start codon, a unique 12-mer barcode (>1 hamming distance to
all other barcodes), and flanking restriction digest cut sites (BamHI and Pstl) and common
amplification sequences to yield a final 165bp construct. Each regulatory sequence was
synthesized twice with two unique barcodes. An oligonucleotide library consisting of a total
12,254 sequences were synthesized (Agilent, G7721A). The oligo pool was amplified in 16
parallel 20uL reactions (1x Q5 Hot start HiFi Master Mix (NEB, M0543L), 0.5uM each primer
JP194, JP195) for 7 cycles to prevent overamplification (95°C 30s, 7 cycles: 95°C 10s, 72°C 30s;
and 72°C 2min). PCR reactions were pooled and cleaned up with beads (Beckman Coulter,
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A63881). Purified library and pNJ7 plasmid23 were digested with BamHI (NEB, R0136M) and
PstI (NEB, R0140M), PCR purified (Zymo, D4033), and ligated with T4 DNA ligase (NEB,
M0202M). Resulting ligation reaction was PCR purified, mixed into a 100uL aliquot of E. coli
MegaX DH10B electrocompetent cells (Invitrogen, C640003), and aliquoted into four prechilled
1mm cuvettes (BioRad, 1652089) and electroporated. Following recovery, we used 5uL of the
culture and plated dilutions to quantify cloning coverage (>1000x cloning coverage). Rest of the
recovery culture was inoculated to 1:25 ratio into LB with 20ug/mL chloramphenicol (Sigma,
C0378). Following an overnight incubation, 1mL of the culture was used to inoculate 100mL LB
with 20ug/mL chloramphenicol. The culture was incubated until mid-log growth was reached
(OD600 0.5) and 50mL was used to prep plasmid DNA (Zymo, D4200). Rest of the culture was
used to generate frozen stocks. Plasmid DNA was used to transform EcJP9, EcJP14 and EcNR2
strains at >100x coverage.

Regulatory Sequence Library Sequencing Preparation
Overnight culture of each library was prepared by adding 1mL of thawed frozen library
glycerol stock to 25mL LB and was grown overnight at 30C. 2mL of the overnight culture was
used to inoculate 60mL LB and was grown until mid-log phase was reached. 5mL of the culture
was used to isolate plasmids (Qiagen, 27106). Rest of the culture was pelleted, washed once with
PBS and harvested for RNA using the RNAsnap56 protocol and cleaned up with RNA clean and
concentrator kit (Zymo, R1018). DNA library was prepared through the same two-step
amplification as MAGE libraries using 1uL of plasmid miniprep. RNA library was prepared by
first digesting DNA with turbo DNase and cleaned up using RNA clean and concentrator. RNA
samples were reverse transcribed with Maxima H minus reverse transcriptase (Thermo Scientific,
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EO0751) using gene specific primers against sfGFP reporter gene (12.5uL of RNA, 1uL of primer
JP750, 1uL of 10mM dNTPs incubated at 65C for 5 minutes, then on ice 1min, then add 4uL 5x
RT buffer, 0.5uL RNase inhibitor (Thermo Scientific, EO0381), 1uL Maxima RT, then incubate
with the following protocol: 42°C 90 minutes, cycle 9 times: 50°C 2 minutes, 42°C 2 minutes;
85°C 5 minutes, 4°C hold). 1uL RNase A (Thermo Scientific, EN0531) and 1uL RNase H (NEB,
M0297S) were added to the reaction and incubated for 30 minutes at 37°C. Then, bead cleanup
was used to purify cDNA. Adapter was ligated using T4 RNA ligase (NEB, M0437M) (5.1uL
cDNA, 2uL 40mM DNA adapter oligo, incubate 75°C for 3 minutes, 1 minute on ice, add 2uL 10x
T4 RNA ligase buffer, 0.8uL DMSO, 0.2uL 100mM ATP, 8.4uL 50% PEG, 1.5uL T4 RNA ligase,
and incubate at 22C for 16 hours). Adapter ligated cDNA samples were then purified with beads.
Sequencing library was then prepared through a two-step amplification, using the same protocol
as for DNA samples. For measuring expression of regulatory element isolates, total RNA was
harvested from a 5mL cell culture in mid log growth phase. cDNA was prepped using the same
protocols as above. qPCR was performed with primers against sfGFP reporter gene and infC gene
was used as a reference housekeeping gene.

Regulatory Sequence Library Analysis
Raw sequencing reads were pair end merged using SeqPrep. Then using a custom python
script, merged reads with low quality scores were removed (expected error >2 for the full merged
read). Next, counts of each regulatory sequence construct with correct barcode identifiers were
tallied with up to 4% mismatch tolerance in regulatory sequence regions and no mismatch allowed
in barcode regions. Counts of each construct were divided by the total sum of all constructs to
yield relative abundance measurements. For constructs with 10+ DNA and RNA counts, we

45

calculate a Tx value by dividing its relative RNA abundance by its relative DNA abundance. To
enable comparison of Tx values between samples, Tx values were normalized using the qPCR
expression ratios.
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Figure 2.1. Evolutionary sequence analysis of primary σ70 orthologs. (A) Evolutionary
conservation of primary σ70 (by Jensen-Shannon Divergence) based on alignment of ~13,000 σ70
sequences. Residue positions are based on E. coli σ70 with different domains shown (σ701, σ702,
σ703, σ704). (B) Distribution of amino acid substitution counts of σ70 orthologs for Domains 2-4
compared to the E. coli σ70 sequence. Colors in each bar correspond to ortholog origin at the
phylum level. (C) Cumulative distribution of orthologs clustered to 90% sequence identity for each
domain. (D) Pairwise comparisons of substitution count ratios between σ70 domains. Dashed lines
denote 1:1 ratio.
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Figure 2.2. Mapping the fitness landscape of E. coli σ70. (A) Fitness landscape of E. coli σ70 at
residues 379-613 profiled by MAGE-seq. Columns of the heatmap correspond to positions along
the σ70 protein and rows correspond to all 20 amino acid residues plus stop codons (*). Open circles
denote the wild type E. coli σ70 residue at each position. Gray squares denote data not available.
Regions of structured alpha helices and mean fitness at each position are displayed above the
heatmap. (B) Histogram of the distribution of fitness effects (DFE) for each σ70 domain. Dotted
lines denote fitness of 0.95, deemed as the separation between neutral and detrimental fitness. (C)
Scatterplot of σ70 evolutionary conservation and mean fitness for each residue position. Neutral
residues (fitness ≥ 0.95) are displayed in gray while detrimental residues (fitness < 0.95) are
colored by their respective domains. Colored dash lines indicate linear regressions of detrimental
residue positions in each domain. (D) Protein structure of σ70 (ribbon model) bound to an open
DNA complex (stick model) using PDB ID:6CA0. Red color scale represents mean fitness at each
residue position on the σ70 structure; dark gray regions are residues not profiled with MAGE-seq.
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Figure 2.3. Fitness and epistasis predictions of orthologous σ70 sequences using E. coli σ70
fitness landscape. (A) Distribution of fitness effects (DFE) of residue variants observed in natural
ortholog sequences (top) compared to DFE of all possible single residue mutation in σ70 (bottom).
Fitness threshold of 0.95 is designated by the dotted line. (B) Plot of residue fitness in σ70 orthologs
versus binned 16S phylogenetic distance to E. coli showing higher fraction of deleterious fitness
variants at greater evolutionarily distance from E. coli. (C) Blue boxplots show Expected aggregate
fitness (EAF) distributions of natural orthologs (pink) with increasing binned number of residue
differences to E. coli σ70. Fitness at 0.95 is denoted by the dotted line. Gray boxplots show null
EAF distributions of synthetically generated σ70 sequences with random mutations at each residue
difference bin. (D) EAF for each σ70 domain against the total binned number of residue differences
across Domains 2-4.
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Figure 2.4. Characterization of orthologous σ70 sequence variants in E. coli. (A) Residue-level
fitness map in the 15 σ70 orthologs measured in E. coli. (B) Plot of expected aggregate fitness of
each σ70 ortholog and their measured fitness in E. coli. (C) Plot of fitness differential (measured
fitness minus expected aggregate fitness) and proportion of residue differences of orthologs from
E. coli RpoD. (D) Number of differentially expressed genes in Mx σ70 and Ou σ70 transcriptomes
compared to Ec σ70. (E) The number and grouping of essential genes that are differentially
upregulated or downregulated in Mx σ70 and Ou σ70.

53

Figure 2.5. Multiplexed transcriptional measurements of a metagenomic regulatory
sequence library in E. coli strains with orthologous σ70. (A) Distribution of normalized Tx
values of regulatory sequences transcribed by strains expressing Ou σ70 (EcJP9), Mx σ70 (EcJP14)
and Ec σ70. Regulatory sequences grouped by their genomic origins is shown in the boxplots in
each graph. (B) Expression fold change by Ou σ70 and Mx σ70 normalized to Ec σ70 data (statistical
significance based on KS test; p-values shown in key). (C) Relationship between GC content and
Tx values of regulatory sequences using different σ70 proteins. Linear regression for each dataset
is plotted.
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Table 2.1. E. coli strains with σ70 orthologs
Strain

Class

Genus

Number of
different
residues

Expected
aggregate
fitness

Measured
fitness

EcJP1

Gammaproteobacteria

Yersinia

3

0.968

0.957

EcJP2

Gammaproteobacteria

Vibrio

9

0.985

0.999

EcJP3

Gammaproteobacteria

Pseudomonas

17

0.943

1.020

EcJP4

Gammaproteobacteria

Stenotrophomonas

26

0.924

0.948

EcJP5

Gammaproteobacteria

Acinetobacter

31

0.864

0.953

EcJP6

Gammaproteobacteria

Psychrobacter

31

0.820

0.961

EcJP7

Gammaproteobacteria

Burkholderia

38

0.640

0.978

EcJP8

Betaproteobacteria

Nitrosomonas

38

0.760

1.043

EcJP9

Betaproteobacteria

Oligella

50

0.709

0.950

EcJP10

Betaproteobacteria

Acetobacter

37

0.687

0.750

EcJP11

Alphaproteobacteria

Brucella

40

0.636

0.811

EcJP12

Alphaproteobacteria

Rhizobium

40

0.618

0.762

EcJP13

Alphaproteobacteria

Sphingomonas

44

0.572

0.797

EcJP14

Deltaproteobacteria

Myxococcus

51

0.488

0.479

EcJP15

Actinobacteria

Bfidobacterium

96

0.099

0.469
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Supplemental Figure 2.S1. Evolutionary sequence diversity of σ70 orthologs. (A) Maximum
likelihood phylogenetic tree inferred from multiple sequence alignment of σ70 orthologs with
FastTree and visualized with iTOL. Ortholog’s phyla classification were assigned based on
UniProt metadata. Phyla represented with more than 50 orthologs denoted. (B) Comparison of 16S
and σ70 based phylogenetic distances based on 5,889 bacterial species. 16S distances were
quantified as the sum of the branch lengths between E. coli 16S and an orthologous 16S. σ70
distances were quantified as the sum of the branch length between E. coli σ70 and an orthologous
σ70.
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Supplemental Figure 2.S2. Domain specific evolutionary sequence diversity of σ70. (A)
Pairwise scatterplot comparisons of substitutions in domains 2-4 and each domain compared
against σ70 evolutionary distance of orthologs. (B) Number of unique amino acids observed in each
σ70 position in the multiple sequence alignment. Lighter blue bars denote amino acid variants that
are observed in less than 1% of all orthologs.
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Supplemental Figure 2.S3. Identification of genomic features that correlate to domain level
diversity. (A) Distribution of substitution ratios in each domain of ortholog variants from different
phyla. (B) Comparison of GC content and substitution counts in different domains of σ70 orthologs.
σ70 ortholog coding sequences’ GC content is used in place of the genomic GC content. Orthologs’
phyla are denoted using the same coloring scheme as in panel A. (C) Clustermap of correlations
between predicted σ70 motifs from 156 genomes. Column representing E. coli motif is highlighted.
Row colors on left denote GC content of genomes while column colors on top represent
substitutions in each domain. A random selection predicted motifs from each motif cluster are
illustrated on right. (D) Scatterplots between domain substitutions and motif correlations to E. coli
σ70 motif. (E) Ratio of E. coli genes regulated by σ70 (from regulonDB) to genes not regulated by
σ70 genes for each functional COG category.
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Supplemental Figure 2.S4. RpoD saturation mutagenesis with MAGE. (A) Overview of σ70
saturation mutagenesis via MAGE and a graphical representation of σ70 bound to the RNAP
holoenzyme and the canonical promoter sequence. (B) Overview of the high-throughput fitness
measurements. Sampled timepoints during the pooled competition experiments are used to
quantify the relative abundances of each mutant at every timepoint. The slope of the log-linear
regression of relative abundances is normalized to the dilution rate of the culture during
competition to yield a relative fitness measurement of a mutant variant. (C) Ratio of reads of each
sequencing libraries (covering different regions of σ70) corresponding to wildtype and mutant σ70
sequences. (D) Ratio of reads of each wildtype control sequencing sample categorized correctly as
wildtype or miscalled as mutants (left). Relative amounts of wildtype sequences, and miscalled
mutants with 1, 2 or 3 base pair changes found within wildtype control sequencing libraries (right).
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Supplemental Figure 2.S5. Fitness landscape of E. coli σ70 characterized via MAGE-seq. (A)
Comprehensive fitness landscape of σ70 residues 379-613. Each column corresponds to a residue
position and each row corresponds to a codon mutation. Codons are clustered by the amino acids
they code for and are then clustered by the biochemical properties of amino acids (see right).
Wildtype codons at each residue position are denoted with an open circle while gray squares denote
no data. (D) Distribution of fitness effects (DFEs) of all codon mutations. (C) Comparison of DFEs
of stop codons mutants and non-stop codon mutants. (D) Comparison of DFEs of synonymous
codon mutations and non-synonymous codon mutations.
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Supplemental Figure 2.S6. Fitness landscape principal component analysis. (A) Fitness
landscape used for principal components analysis to quantify major fitness determinants (top).
Principal component weights for first four principal components at each residue position (bottom).
(B) Proportion of variance explained by the first four principal components. (C) Correlations
between each principal components and various protein biochemical properties. (D) Principal
component vectors of the first four principal components showing contributions from each amino
acid.
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Supplemental Figure 2.S7. Fitness landscape hierarchical clustering analysis. (A)
Hierarchical clustering of σ70 fitness landscape. Rows of amino acids clustered by general amino
acid biochemical properties. Residue position columns cluster by fitness mean fitness. Green
cluster identifies positions in which mutation to any AA that is not the wildtype amino acid results
in a fitness defect (i.e. highly deleterious). Orange cluster identifies positions in which mutation to
almost any AA is tolerated (i.e. neutral). Blue cluster identifies positions in which varying number
of AA mutations are tolerated (i.e variably deleterious). Below the clustermap, mean fitness of
each position is plotted by the cluster identity. (B) σ70 amino acid fitness landscape plotted with
cluster associations from hierarchical clustering in panel A. Set of residue positions previously
reported to be functionally or structurally important denoted. (C) Distribution of amino acids (in
E. coli RpoD) and their cluster identities (left). Mean fitness costs associated with mutating each
amino acid (middle left). Distribution of amino acids and cluster identity of each functional domain
(middle right). Mean fitness of mutating each amino acid in each functional domain (right). (D)
Structure of σ70 colored by the cluster associations from hierarchical clustering in panel A.
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Supplemental Figure 2.S8. Contextualizing natural sequence diversity with the fitness
landscape to profile expected aggregate fitness of orthologs. (A) Distribution of fitness effects
of amino acid mutations observed in orthologs in each functional domains (top). Distribution of
fitness effects of all amino acid mutations each functional domains (bottom). Dashed lines
corresponding to 0.95 fitness separate detrimental and neutral mutations. (B) Overview of
expected aggregate fitness calculation. First, each residue position that encodes a different amino
acid than E. coli RpoD is identified. Then, the fitness measurements of the mutations at the variant
residue positions are multiplied together to yield the expected aggregate fitness. (C) Expected
aggregate fitness of orthologs in each domain. In gray we denote expected aggregate fitness of
synthetic sequences that were randomly generated with the corresponding number of residue
differences from E. coli RpoD.
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Supplemental Figure 2.S9. Fitness characterization of E. coli strains with σ70 orthologs. (A)
Multiple sequence alignment of the 15 ortholog sequence variants generated in E. coli and the E.
coli RpoD reference sequence. (B) Comparison of fitness measurements between two independent
turbidostat competition experiments (Left). Comparison of fitness measurements from turbidostat
and plate reader (Right). (C) Expected aggregate fitness and measured fitness of ortholog mutants
in E. coli plotted against proportion of residue differences from E. coli rpoD.
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Supplemental Figure 2.S10. Transcriptomic analysis of E. coli strains with σ70 orthologs. (A)
Volcano plot showing differentially expressed genes in E. coli strains expressing different σ70
orthologs. Genes denoted as differentially expressed if they display expression change of greater
than 2-fold and has an adjusted p-value of lower than 0.05. (B) Principal component analysis
clusters the transcriptomes of three strains expressing different σ70 sequence. (C) Heatmap and
clustermap showing fold change in expression of the set of genes that were differentially expressed
in strains expressing either Myxococcus σ70 (Mx σ70) or Oligella σ70 (Ou σ70).
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Supplemental Figure 2.S11. Metagenomic library of regulatory sequences from E. coli, Mx
xanthus, and O. urethralis genomes. (A) Stacked histogram illustrating GC content distribution
of the three regulatory sequence libraries mined from Oligella, Escherichia, Myxococcus. (B)
Distribution of DNA barcodes in each strain expressing different σ70 factors displays an unbiased
coverage of the three regulatory sequence libraries. (C) Biological and barcode replicate
measurements of transcriptional levels from the regulatory sequence library show high correlations.
(D) qPCR expression measurements of regulatory sequence isolates show robust correlation to
pooled library measurements from sequencing. qPCR measurements were normalized against infC
expression.
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Supplemental Figure 2.S12. Transcriptional activity measurements of the regulatory
sequence library and GC content. (A) Normalized transcriptional activity distributions of the
regulatory sequence library measured in three strains expressing different σ70 variants. (B) Pairwise
scatterplots comparing of regulatory sequence expression levels with different σ70 variants. GC
content of each regulatory sequence is illustrated through the red-blue color spectrum. (C) Mean
GC content of regulatory sequences of diverse genomes are correlated to variance of GC content
in UTR sequences.
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Supplementary Table 2.S1. List of strains and plasmids used in this study.
Table 2.S1A. Strains
Strain
Description
EcNR2
E. coli background sequence for MAGE-seq
experiments
NEB Turbo
Cloning strain
MegaX DH10B Cloning strain for regulatory sequence library
EcJP0
EcNR2 strain with 3 premature stop codons and
a frameshift in the bla gene
EcJP1
EcNR2 derivative with native RpoD replaced
with RpoD from Yersinia
EcJP2
EcNR2 derivative with native RpoD replaced
with RpoD from Vibrio
EcJP3
EcNR2 derivative with native RpoD replaced
with RpoD from Pseudomonas
EcJP4
EcNR2 derivative with native RpoD replaced
with RpoD from Stenotrophomonas
EcJP5
EcNR2 derivative with native RpoD replaced
with RpoD from Acinetobacter
EcJP6
EcNR2 derivative with native RpoD replaced
with RpoD from Psychrobacter
EcJP7
EcNR2 derivative with native RpoD replaced
with RpoD from Burkholderia
EcJP8
EcNR2 derivative with native RpoD replaced
with RpoD from Nitrosomonas
EcJP9
EcNR2 derivative with native RpoD replaced
with RpoD from Oligella
EcJP10
EcNR2 derivative with native RpoD replaced
with RpoD from Acetobacter
EcJP11
EcNR2 derivative with native RpoD replaced
with RpoD from Brucella
EcJP12
EcNR2 derivative with native RpoD replaced
with RpoD from Rhizobium
EcJP13
EcNR2 derivative with native RpoD replaced
with RpoD from Sphingomonas
EcJP14
EcNR2 derivative with native RpoD replaced
with RpoD from Myxococcus
EcJP15
EcNR2 derivative with native RpoD replaced
with RpoD from Bfidobacterium

Source Reference
1
NEB (C2984H)
Invitrogen (C640003)
This work
This work
This work
This work
This work
This work
This work
This work
This work
This work
This work
This work
This work
This work
This work
This work
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Table 2.S1B. Plasmids
Plasmids
Description

Source/reference

pMA7CR

Inducible cas9 plasmid construct

2

pMAZ-SK

Inducible gRNA expression construct

2

pNJ7

Regulatory sequence library vector

3

pMAZrpoD_pam0

rpoD_pam0 targeting gRNA expression
vector

This work

pMAZrpoD_pam1

rpoD_pam1 targeting gRNA expression
vector

This work

pMAZrpoD_pam4

rpoD_pam4 targeting gRNA expression
vector

This work

pMAZrpoD_pam6

rpoD_pam6 targeting gRNA expression
vector

This work

pMAZrpoD_pam14

rpoD_pam1 and rpoD_pam4 targeting dual
gRNA expression vector

This work

pMAZrpoD_pam06

rpoD_pam0 and rpoD_pam6 targeting dual
gRNA expression vector

This work

EcJP2

EcJP1

Supplementary Table 2.S2. List of gBlock sequences used to generate E. coli RpoD strain
variants.
Strain Nucleotide sequence
GCCGTGCGAAGAAAGAGATGGTTGAAGCGAACTTACGTCTCGTTATTTCTATCGCTAAGAAATACACCAACCGTGGCTTGCAGTTCCTTGACC
TGATTCAGGAAGGCAACATCGGTCTGATGAAAGCGGTTGATAAATTCGAATACCGCCGTGGTTACAAGTTCTCCACCTACGCAACCTGGTGGA
TCCGTCAAGCGATCACCCGCTCTATCGCGGATCAGGCGCGCACCATCCGTATTCCCGTGCATATGATTGAGACCATCAACAAGCTCAACCGTA
TTTCTCGCCAGATGCTGCAAGAGATGGGCCGTGAACCGACGCCGGAAGAACTGGCTGAACGTATGCTGATGCCGGAAGACAAGATCCGCAAAG
TGCTGAAGATCGCCAAAGAGCCAATCTCCATGGAAACGCCGATCGGTGATGATGAAGATTCGCATCTGGGGGATTTCATCGAGGATACCACCC
TCGAGCTGCCGCTGGATTCTGCGACCAGCGAAAGCCTGCGTTCGGCAACGCACGACGTGCTGGCTGGCCTGACCGCGCGTGAAGCAAAAGTTC
TGCGTATGCGTTTCGGTATCGATATGAACACCGACCACACGCTGGAAGAAGTGGGTAAACAGTTCGACGTTACCCGCGAACGTATCCGTCAGA
TCGAAGCGAAAGCGCTGCGCAAACTGCGTCACCCGAGCCGTTCTGAAGTGCTGCGTAGCTTCCTGGACGATTAATCGGTAGGCCGGATCA
GCCGTGCGAAGAAAGAGATGGTTGAAGCGAACTTACGTCTCGTTATTTCTATCGCTAAGAAATACACCAACCGTGGCTTGCAGTTCCTTGACC
TGATTCAGGAAGGCAACATCGGTCTGATGAAAGCGGTTGATAAATTCGAATACCGCCGTGGTTACAAGTTCTCCACCTACGCAACCTGGTGGA
TCCGTCAAGCGATCACCCGCTCTATCGCGGATCAGGCGCGCACCATCCGTATTCCCGTGCATATGATTGAGACCATCAACAAGCTCAACCGTA
TTTCTCGCCAGATGCTGCAAGAGATGGGCCGTGAACCGCTGCCGGAAGAACTGGCTGAACGTATGCAGATGCCGGAAGACAAGATCCGCAAAG
TGCTGAAGATCGCCAAAGAGCCAATCTCCATGGAAACGCCGATCGGTGATGATGAAGATTCGCATCTGGGGGATTTCATCGAGGATACCACCC
TCGAGCTGCCGCTGGATTCTGCGACCGCCACAAGCCTGAAAGCGGCAACGCGCGACGTGCTGGCTGGCCTGACCCCGCGTGAAGCAAAAGTTC
TGCGTATGCGTTTCGGTATCGATATGAACACCGACCACACGCTGGAAGAAGTGGGTAAACAGTTCGACGTTACCCGCGAACGTATCCGTCAGA
TCGAAGCGAAAGCGCTGCGCAAACTGCGTCACCCGAGCCGTTCTGAAGTGCTGCGTAGCTTCCTGGACGAATAATCGGTAGGCCGGATCA
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EcJP4
EcJP5
EcJP6
EcJP7
EcJP8
EcJP9

GCCGTGCGAAGAAAGAGATGGTTGAAGCGAACTTACGTCTCGTTATTTCTATCGCTAAGAAATACACCAACCGTGGCTTGCAGTTCCTTGACC
TGATTCAGGAAGGCAACATCGGTCTGATGAAAGCGGTTGATAAATTCGAATACCGCCGTGGTTACAAGTTCTCCACCTACGCAACCTGGTGGA
TCCGTCAAGCGATCACCCGCTCTATCGCGGATCAGGCGCGCACCATCCGTATTCCCGTGCATATGATTGAGACCATCAACAAGCTCAACCGTA
TTTCTCGCCAGATGCTGCAAGAGATGGGCCGTGAACCGACGCCGGAAGAACTGGGTGAACGTATGGAGATGCCGGAAGACAAGATCCGCAAAG
TGCTGAAGATCGCCAAAGAGCCAATCTCCATGGAAACGCCGATCGGTGATGATGAAGATTCGCATCTGGGGGATTTCATCGAGGATAGCACCA
TGCAGTCGCCGATAGATGTTGCGACCGTCGAAAGCCTGAAAGAGGCAACGCGCGACGTGCTGTCTGGCCTGACCGCGCGTGAAGCAAAAGTTC
TGCGTATGCGTTTCGGTATCGATATGAACACCGACCACACGCTGGAAGAAGTGGGTAAACAGTTCGACGTTACCCGCGAACGTATCCGTCAGA
TCGAAGCGAAAGCGCTGCGCAAACTGCGTCACCCGACCCGTTCTGAACACCTGCGTAGCTTCCTGGACGAATAATCGGTAGGCCGGATCA
GCCGTGCGAAGAAAGAGATGGTTGAAGCGAACTTACGTCTCGTTATTTCTATCGCTAAGAAATACACCAACCGTGGCTTGCAGTTCCTTGACC
TGATTCAGGAAGGCAACATCGGTCTGATGAAAGCGGTTGATAAATTCGAATACCGCCGTGGTTACAAGTTCTCCACCTACGCAACCTGGTGGA
TCCGTCAAGCGATCACCCGCTCTATCGCGGATCAGGCGCGCACCATCCGTATTCCCGTGCATATGATTGAGACCATCAACAAGCTCAACCGTA
TTTCTCGCCAGATGCTGCAACAGTACGGCCGTGAAGCGACGCCGGAAGAACTGGCTAAAGAAATGGACATGCCGGAAGACAAGATCCGCAAAG
TGATGAAGATCGCCAAAGAGCCAATCTCCATGGAAACGCCGATCGGTGATGATGAAGATTCGCATCTGGGGGATTTCATCGAGGATACCAACG
TCGAGTCGCCGATAGAAAATACGACCAACATAAACCTGAGTGAGACAGTGCGCGACGTGCTGGCTGGCCTGACCCCGCGTGAAGCAAAAGTTC
TGCGTATGCGTTTCGGTATCGATATGAACACCGACCACACGCTGGAAGAAGTGGGTAAACAGTTCGACGTTACCCGCGAACGTATCCGTCAGA
TCGAAGCGAAAGCGCTGCGCAAACTGCGTCACCCGAGCCGTTCTGAACAGCTGCGTAGCTTCCTGGACATTTAATCGGTAGGCCGGATCA
GCCGTGCGAAGAAAGAGATGGTTGAAGCGAACTTACGTCTCGTTATTTCTATCGCTAAGAAATACACCAACCGTGGCTTGCAGTTCCTTGACC
TGATTCAGGAAGGCAACATCGGTCTGATGAAAGCGGTTGATAAATTCGAATACCGCCGTGGTTACAAGTTCTCCACCTACGCAACCTGGTGGA
TCCGTCAAGCGATCACCCGCTCTATCGCGGATCAGGCGCGCACCATCCGTATTCCCGTGCATATGATTGAGACCATCAACAAGATCAACCGTG
TTTCTCGCCAGCTGCTGCAAGAGATGGGCCGTGAACCGACGCCGGAAGAACTGGGTGAACGTCTGGAGATGGACGAAGTCAAGGTCCGCAAAG
TGCTGAAGATCGCCAAAGAGCCAATCTCCATGGAAACGCCGATCGGTGATGATGAAGATTCGCATCTGGGGGATTTCATCGAGGATAGCAACA
TCACGTCGCCGGTGGATGCTGCGACCAGCGAAGGCCTGAAAGAGGCAACGCGCGAAGTGCTGGAAAACCTGACCGAGCGTGAAGCAAAAGTTC
TGAAAATGCGTTTCGGTATCGATATGCCCACCGACCACACGCTGGAAGAAGTGGGTAAACAGTTCGACGTTACCCGCGAACGTATCCGTCAGA
TCGAAGCGAAAGCGCTGCGCAAACTGCGTCACCCGAGCCGTTCTGAACACCTGCGTAGCTTCCTGGAAAATTAATCGGTAGGCCGGATCA
GCCGTGCGAAGAAAGAGATGGTTGAAGCGAACTTACGTCTCGTTATTTCTATCGCTAAGAAATACACCAACCGTGGCTTGCAGTTCCTTGACC
TGATTCAGGAAGGCAACATCGGTCTGATGAAAGCGGTTGATAAATTCGAATACCGCCGTGGTTACAAGTTCTCCACCTACGCAACCTGGTGGA
TCCGTCAAGCGATCACCCGCTCTATCGCGGATCAGGCGCGCACCATCCGTATTCCCGTGCATATGATTGAGACCATCAACAAGATCAACCGTG
TTTCTCGCCAGCTGCTGCAAGAGATGGGCCGTGAACCGACGCCGGAAGAACTGGGTGAACGTCTGGAGATGGACGAAGTCAAGGTCCGCAAAG
TGCTGAAGATCGCCAAAGAGCCAATCTCCATGGAAACGCCGATCGGTGATGATGAAGATTCGCATCTGGGGGATTTCATCGAGGATGGCACCA
TCTCGTCGCCGGTGGATGATGCGACCGCCGCAGGCCTGCAAGAGGCAACGCGCGACGTGCTGGGTAACCTGACCGAGCGTGAAGCAAGAGTTC
TGAAAATGCGTTTCGGTATCGATATGCCCACCGACCACACGCTGGAAGAAGTGGGTAAACAGTTCGACGTTACCCGCGAACGTATCCGTCAGA
TCGAAGCGAAAGCGCTGCGCAAACTGCGTCACCCGAGCCGTTCTGAACACCTGCGTAGCTTCCTGGAAAATTAATCGGTAGGCCGGATCA
GCCGTGCGAAGAAAGAGATGACTGAAGCGAACTTACGTCTCGTTATTTCTATCGCTAAGAAATACACCAACCGTGGCTTGCAGTTCCTTGACC
TGATTCAGGAAGGCAACATCGGTCTGATGAAAGCGGTTGATAAATTCGAATACCGCCGTGGTTACAAGTTCTCCACCTACGCAACCTGGTGGA
TCCGTCAAGCGATCACCCGCTCTATCGCGGATCAGGCGCGCACCATCCGTATTCCCGTGCATATGATTGAGACCATCAACAAGATGAACCGTA
TTTCTCGCCAGATACTGCAAGAGACGGGCCTTGAACCGGACCCGGCAACACTGGCTGAAAAAATGGAGATGCCGGAAGACAAGATCCGCAAAA
TAATGAAGATCGCCAAAGAGCCAATCTCCATGGAAACGCCGATCGGTGATGATGACGATTCGCATCTGGGGGATTTCATCGAGGATACCAACA
CCGTGGCGCCGGCGGATGCTGCGCTCCACGCAAGCATGCGTGACGTAGTGAAAGACGTGCTGGATAGCCTGACCCCGCGTGAAGCAAAAGTTC
TGCGTATGCGTTTCGGTATCGAAATGAGCACCGACCACACGCTGGAAGAAGTGGGTAAACAGTTCGACGTTACCCGCGAACGTATCCGTCAGA
TCGAAGCGAAAGCGCTGCGCAAACTGCGTCACCCGAGCCGTTCTGACAAGCTGAAAAGCTTCCTGGAAGGTTAATCGGTAGGCCGGATCA
GCCGTGCGAAGAAAGAGATGACTGAAGCGAACTTACGTCTCGTTATTTCTATCGCTAAGAAATACACCAACCGTGGCTTGCAGTTCCTTGACC
TGATTCAGGAAGGCAACATCGGTCTGATGAAAGCGGTTGATAAATTCGAATACCGCCGTGGTTACAAGTTCTCCACCTACGCAACCTGGTGGA
TCCGTCAAGCGATCACCCGCTCTATCGCGGATCAGGCGCGCACCATCCGTATTCCCGTGCATATGATTGAGACCATCAACAAGATGAACCGTA
TTTCTCGCCAGATACTGCAAGAGACGGGCCAAGAACCGGAGCCGGCAGTACTGGCTGAAAAAATGGAGATGACGGAAGAAAAGATCCGCAAAA
TACTGAAGATCTCCAAAGAGCCAATCTCCATGGAAACGCCGATCGGTGATGATGAAGATTCGCATCTGGGGGATTTCATCGAGGATGTCAGCA
CCATGGAGCCGGCGGATGCTGCGATCTACGCAGGCCTGCGTACGGTAACGAAAGACGTGCTGGATAGCCTGACCCCGCGTGAAGCAAAAGTTC
TGCGTATGCGTTTCGGTATCGAAATGAACACCGACCACACGCTGGAAGAAGTGGGTAGACAGTTCGACGTTACCCGCGAACGTATCCGTCAGA
TCGAAGCGAAAGCGCTGCGCAAACTGCGTCACCCGGCCCGTTCTGACAGGCTGCGTAGCTTCCTGGACAGTTAATCGGTAGGCCGGATCA
GCCGTGCGAAGAAAGAGATGATTCAAGCGAACTTACGTCTCGTTATTTCTATCGCTAAGAAATACACCAACCGTGGCTTGCAGTTCCTTGACC
TGATTCAGGAAGGCAACATCGGTCTGATGAAAGCGGTTGATAAATTCGAATACCGCCGTGGTTACAAGTTCTCCACCTACGCAACCTGGTGGA
TCCGTCAAGCGATCACCCGCTCTATCGCGGATCAGGCGCGCACCATCCGTATTCCCGTGCATATGATTGAGACCATCAACAAGATGAACCGTA
TTACTCGCCAGATACTGCAAGAGACGGGCGCTGAACCGGACCCGGCAACAATAGCTCAAAAAATGGACATAACGGAAGACAGGGTCCGCAAAA
TACTGAAGATCGCCAAAGAGCCAATCTCCATGGAAACGCCGATCGGTGATGATGACGATTCGCATCTGGGGGATTTCATCGAGGATACCACCA
CCATGTCGCCGGAGGAAGCTTCGACCTACAAAAGCATGCAAGAGGTATTCGACGAAGTGCTGAATAGCCTGACCGAGCGTGAAGGAAAAGTTC
TGCGTATGCGTTTCGGTATCGGTCTGAGCAGCGACCAAACGCTGGAAGAAGTGGGTAAACAGTTCGACGTTACCCGCGAACGTATCCGTCAGA
TCGAAGCGAAAGCGCTGCGCAAACTGCGTCACCCGAGCCGTGCTGACAAGCTGAAAAGCTTCCTGGACAGTTAATCGGTAGGCCGGATCA
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EcJP10
EcJP11
EcJP12
EcJP13
EcJP14
EcJP15

GCCGTGCGAAGAAAGAGATGATTGAAGCGAACTTACGTCTCGTTATTTCTATCGCTAAGAAATACACCAACCGTGGCTTGCAGTTCCTTGACC
TGATTCAGGAAGGCAACATCGGTCTGATGAAAGCGGTTGATAAATTCGAATACCGCCGTGGTTACAAGTTCTCCACCTACGCAACCTGGTGGA
TCCGTCAAGCGATCACCCGCTCTATCGCGGATCAGGCGCGCACCATCCGTATTCCCGTGCATATGATTGAGACCATCAACAAGCTCGTCCGTA
CTTCTCGCCAGATGCTGCACGAGATAGGCCGTGAACCGGCGCCGGAAGAACTGGCTGAAAAACTGGGGATGCCGCTAGAAAAGGTCCGCAAAG
TGCTGAAGATCGCCAAAGAGCCAATCTCCCTGGAAACGCCGATCGGTGATGAAGAAGATTCGCATCTGGGGGATTTCATCGAGGATAAAACCG
CCATAATACCGCTGGATGCTGCGATCCAAACAAACCTGCGTGAGGCAACGACCCGCGTGCTGGCTAGCCTGACCCCGCGTGAAGAAAGAGTTC
TGCGTATGCGTTTCGGTATCGGTATGAACACCGACCACACGCTGGAAGAAGTGGGTCAACAGTTCAACGTTACCCGCGAACGTATCCGTCAGA
TCGAAGCGAAAGCGCTGCGCAAACTGAAACACCCGAGCCGTTCTAGAAAGCTGCGTAGCTTCCTGGACGATTAATCGGTAGGCCGGATCA
GCCGTGCGAAGAAAGAGATGGTTGAAGCGAACTTACGTCTCGTTATTTCTATCGCTAAGAAATACACCAACCGTGGCTTGCAGTTCCTTGACC
TGATTCAGGAAGGCAACATCGGTCTGATGAAAGCGGTTGATAAATTCGAATACCGCCGTGGTTACAAGTTCTCCACCTACGCAACCTGGTGGA
TCCGTCAAGCGATCACCCGCTCTATCGCGGATCAGGCGCGCACCATCCGTATTCCCGTGCATATGATTGAGACCATCAACAAGATCGTCCGTA
CTTCTCGCCAGATGCTGCACGAGATAGGCCGTGAACCGACGCCGGAAGAACTGGCTGAAAAACTGGCGATGCCGCTAGAAAAGGTCCGCAAAG
TGCTGAAGATCGCCAAAGAGCCAATCTCCCTGGAAACGCCGGTCGGTGATGAAGAAGATTCGCATCTGGGGGATTTCATCGAGGATAAAAACG
CCCTGCTGCCGATAGATGCTGCGATCCAAGCAAACCTGCGTGACACAACGACCCGCGTGCTGGCTAGCCTGACCCCGCGTGAAGAAAGAGTTC
TGCGTATGCGTTTCGGTATCGGTATGAACACCGACCACACGCTGGAAGAAGTGGGTCAACAGTTCAGCGTTACCCGCGAACGTATCCGTCAGA
TCGAAGCGAAAGCGCTGCGCAAACTGAAACACCCGAGCCGTTCTAGAAAGCTGCGTAGCTTCCTGGACAGTTAATCGGTAGGCCGGATCA
GCCGTGCGAAGAAAGAGATGGTTGAAGCGAACTTACGTCTCGTTATTTCTATCGCTAAGAAATACACCAACCGTGGCTTGCAGTTCCTTGACC
TGATTCAGGAAGGCAACATCGGTCTGATGAAAGCGGTTGATAAATTCGAATACCGCCGTGGTTACAAGTTCTCCACCTACGCAACCTGGTGGA
TCCGTCAAGCGATCACCCGCTCTATCGCGGATCAGGCGCGCACCATCCGTATTCCCGTGCATATGATTGAGACCATCAACAAGATCGTCCGTA
CTTCTCGCCAGATGCTGCACGAGATAGGCCGTGAACCGACGCCGGAAGAACTGGCTGAAAAACTGGCGATGCCGCTAGAAAAGGTCCGCAAAG
TGCTGAAGATCGCCAAAGAGCCAATCTCCCTGGAAACGCCGGTCGGTGATGAAGAAGATTCGCATCTGGGGGATTTCATCGAGGATAAAAACG
CCCTGCTGCCGATAGATGCTGCGATCCAAGCAAACCTGCGTGAGACAACGACCCGCGTGCTGGCTAGCCTGACCCCGCGTGAAGAAAGAGTTC
TGCGTATGCGTTTCGGTATCGGTATGAACACCGACCACACGCTGGAAGAAGTGGGTCAACAGTTCAGCGTTACCCGCGAACGTATCCGTCAGA
TCGAAGCGAAAGCGCTGCGCAAACTGAAACACCCGAGCCGTTCTAGAAAGCTGCGTAGCTTCCTGGACAGTTAATCGGTAGGCCGGATCA
GCCGTGCGAAGAAAGAGATGGTTGAAGCGAACTTACGTCTCGTTATTTCTATCGCTAAGAAATACACCAACCGTGGCTTGCAGTTCCTTGACC
TGATTCAGGAAGGCAACATCGGTCTGATGAAAGCGGTTGATAAATTCGAATACCGCCGTGGTTACAAGTTCTCCACCTACGCAACCTGGTGGA
TCCGTCAAGCGATCACCCGCTCTATCGCGGATCAGGCGCGCACCATCCGTATTCCCGTGCATATGATTGAGACCATCAACAAGCTCGTCCGTA
CTTCTCGCCAGTTCCTGCACGAGCAGGGCCGTGAACCGACGCCGGAAGAAATGGCTGAACGTCTGTCGATGCCGCTAGAAAAGGTCCGCAAAG
TGATGAAGATCGCCAAAGAGCCAATCTCCCTGGAAACGCCGATCGGTGATGAAGAAGATTCGCATCTGGGGGATTTCATCGAGGATAAAAACG
CCATAATACCGGTGGATGCTGCGATCCAAGCAAACCTGAAAGAGACAGTGACCCGCGTGCTGGCTAGCCTGACCCCGCGTGAAGAAAGAGTTC
TGCGTATGCGTTTCGGTATCGGTATGAACACCGACCACACGCTGGAAGAAGTGGGTCAACAGTTCAGCGTTACCCGCGAACGTATCCGTCAGA
TCGAAGCGAAAGCGCTGCGCAAACTGAAACACCCGAGCCGTTCTAGAAAGATGCGTAGCTTCCTGGACCAATAATCGGTAGGCCGGATCA
GCCGTGCGAAGAAAGAGCTGGTTGAAGCGAACTTACGTCTCGTTGTTTCTATCGCTAAGAAATACACCAACCGTGGCTTGCAGTTCCTTGACC
TGATTCAGGAAGGCAACATCGGTCTGATGAAAGCGGTTGATAAATTCGAATACAAACGTGGTTACAAGTTCTCCACCTACGCAACCTGGTGGA
TCCGTCAAGCGATCACCCGCGCTATCGCGGATCAGGCGCGCACCATCCGTATTCCCGTGCATATGATTGAGACCATCAACAAGCTCATCCGTA
CTTCTCGCTACCTGGTGCAAGAGATAGGCCGTGAACCGACGCCGGAAGAAATAGCTGAAAAAATGGAGCTGCCGCTAGACAAGGTCCGCAAAG
TGCTGAAGATCGCCAAAGAGCCAATCTCCCTGGAAACGCCGATCGGTGAAGAAGAAGATTCGCATCTGGGGGATTTCATCGAGGATAAAAGCC
TCGTGTCGCCGGCGGATGCTGTGATCAACATGAACCTGGCTGAGCAAACGCGCAAAGTGCTGGCTACCCTGACCCCGCGTGAAGAAAAAGTTC
TGCGTATGCGTTTCGGTATCGGTGAGAAAAGCGACCACACGCTGGAAGAAGTGGGTCAAGACTTCGAAGTTACCCGCGAACGTATCCGTCAGA
TCGAAGCGAAAGCGCTGCGCAAACTGCGTCACCCGAGCCGTTCTAAAAGGCTGCGTAGCTTCGTGGAAAGTTAATCGGTAGGCCGGATCA
CCTGCAAAAACTGCAGCAGATTGAAGAAGAAACCGGCCTGACCATCGAGCAGGTTAAAGATATCAACCGTCGTATGTCAATCGGTGAAGCGAA
AGCCCGCCGTGCGAAGAAAGAGCTGCTTGAAGCGAACTTACGTCTCGTTGTTTCTCTCGCTAAGAGATACACCGGCCGTGGCATGCTGTTCCT
TGACCTGATTCAGGAAGGCAACCTCGGTCTGATAAGAGCGGTTGAAAAATTCGACTGGAAAAAAGGTTTCAAGTTCTCCACCTACGCAACCTG
GTGGATCCGTCAAGCGATCACCCGCGCTATGGCGGATCAGGCGCGCACCATCCGTGTTCCCGTGCATATGGTTGAGGTCATCAACAAGCTCAG
CCGTGTTCAACGCCAGATGCTGCAAGACCTGGGCCGTGAACCGACGCCGGACGAACTGGCTAGAGAACTGGACATGCCGGTAGAAAAGGTCCA
AGAAGTGCAGAAGTACGGCAGAGAGCCAATCTCCCTGCACACGCCGCTCGGTGAAGATGGAGATTCGGAATTCGGGGATCTCATCGAGGATAC
CGACGCCATAGCGCCGTCGGATGCTGTGGCCTTCTCACTCCTGCAAGAGCAATTCAAACAAGTGCTGGAAACCCTGAGCCCGCGTGAAGCAGG
AGTTATAAAAATGCGTTACGGTCTCGAAGACGGCCAACCCAAAACGCTGGACGACATAGGTAGAGTGTACGGCGTTACCCGCGAACGTATCCG
TCAGATCGAATCGAAAACGATGAGCAAACTGCGTCACCCGAGCCGTTCTCAAACGCTGCGTGACTTCCTGGACCAATAATCGGTAGGCCGGAT
CAGGCGTTACGCCGCACCCGGCACTATGCCCTCTGCACAAACGCCACCTTTTCGGTGGCGTTTTTTATCGCCCACGC
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Supplementary Table 2.S3. Fitness characterization of RpoD ortholog sequence mutants.
WT

G7LRY7

C2HU05

C3K341

M5D3R3

N9C2T0

X0QDG5

B1H815

Q0AJ87

A0A095ZBY8

H1ULC0

A6WZK0

W8I3L6

W0A454

F8CGE9

F9Y183

Uniprot_ID

EcNR2

EcJP1

EcJP2

EcJP3

EcJP4

EcJP5

EcJP6

EcJP7

EcJP8

EcJP9

EcJP10

EcJP11

EcJP12

EcJP13

EcJP14

EcJP15

Strain

Escherichia

Yersinia

Vibrio

Pseudomonas

Stenotrophomonas

Acinetobacter

Psychrobacter

Burkholderia

Nitrosomonas

Oligella

Acetobacter

Brucella

Rhizobium

Sphingomonas

Myxococcus

Bfidobacterium

Genus

1

0.967613

0.985158

0.943494

0.924342

0.864305

0.819744

0.640234

0.760346

0.709053

0.686795

0.636021

0.61799

0.571953

0.488016

0.098748

Predicted
Fitness

1

0.95694

1.00033

1.02002

0.94663

0.95062

0.95961

0.97505

1.03830

0.95204

0.75260

0.81612

0.76304

0.79977

0.45585

0.47974

Fitness_0

0

0.006748

0.011188

0.005818

0.009137

0.009225

0.006871

0.008782

0.005883

0.011755

0.007204

0.011858

0.009194

0.018027

0.009146

0.017955

STD_0

1

0.956119

0.998044

1.020388

0.950155

0.954985

0.961519

0.980131

1.047722

0.948876

0.747402

0.805141

0.761755

0.794714

0.502949

0.458744

Fitness_1

0

0.005770

0.010157

0.00913

0.010143

0.008684

0.010631

0.010052

0.009759

0.010035

0.006898

0.011210

0.01298

0.014615

0.016566

0.01349

STD_1

1.0483834

0.9537289

0.944703

0.975477

0.9628193

0.917301

0.915956

1.007605

0.828229

0.932831

0.796868

0.6800135

0.750734

0.724777

0.545848

Fitness
plate
reader
0.408062

0.013514

0.030448

0.033311

0.045773

0.048638

0.039406

0.056761

0.049103

0.003707

0.03442

0.038636

0.007502

0.069354

0.010274

0.056176

0.013274

STD plate
reader

0

3

9

17

26

31

31

38

38

50

37

40

40

44

51

96

Residue
differences

Gamma

Gamma

Gamma

Gamma

Gamma

Gamma

Gamma

Beta

Beta

Beta

Alpha

Alpha

Alpha

Alpha

Delta

Actinobacter
ia

Phyla Class
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ABSTRACT
Recent efforts in sequencing and cataloging the diverse biosynthetic capabilities of bacteria
have revealed that significant portion of biosynthetic gene clusters (BGCs) are transcriptionally
silent, showing that they are highly regulated. We systematically elucidated gene regulation of
BGCs by leveraging high-throughput DNA synthesis to build and characterize a library of
regulatory sequences mined from diverse BGCs. Transcriptional activities of the regulatory
sequence library were measured in the model Actinomycetes, Streptomyces albidoflavus J1074
(previously, S. albus J1074), a popular host strain for heterologous expression of BGCs.
Regulatory sequences had diverse transcriptional measurements with over >1000-fold range of
expression which were used to identify key features associated with expression, including GC
content, transcription start sites, and sequence motifs. Furthermore, we demonstrated that the
activities of regulatory sequences could be modulated by expressing diverse global regulatory
proteins. Lastly, we developed and optimized a cell free expression system platform for rapid
characterization of regulatory sequence activities in S. albidoflavus. Our work here elucidates the
native regulatory landscape of BGCs and yields a library of characterized regulatory sequences for
use in rational engineering and activation of silent BGCs.
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INTRODUCTION
Bacteria regulate the expression of their genes in response to various environmental stimuli
in order to grow, and divide. Many bacterial genomes encode genes coding for enzymes that
produce secondary metabolites, a diverse set of chemical compounds that can confer selective
advantages in complex environments and communities1–3. These genes occur as clusters on the
genome with each cluster encoding the necessary enzymes to synthesize a single secondary
metabolite. These clusters are called Biosynthetic Gene Clusters (BGCs). As secondary
metabolites have diverse applications in medicine and industry, considerable efforts have been
committed to the discovery of novel BGCs and secondary metabolite4–6. Advances in whole
genomic and metagenomic sequencing technologies and the development of bioinformatical tools
and computational methods has resulted in an exponential rise in identified BGCs5,7–9. However,
a key challenge in novel secondary metabolite discovery pipelines lies in inducing expression of
BGCs, many of which are under cryptic regulation and transcriptionally silent.
Efforts to address this challenge has resulted in novel and innovative strategies on various
scales. At the macro scale, exploring culturing conditions through altering growth medium
compositions, adding chemical perturbations, or co-culturing BGC harboring microbes with other
microbes have been shown to induce expression of some BGCs10–13. At the organism scale, BGCs
from slow to grow or hard to culture microbes or from metagenomic (environmental DNA) sources
can be expressed in a heterologous host strain that is better suited for growth and maintenance in
a laboratory and is genetically manipulable14–17. At the DNA scale, manipulating the BGC
sequence directly, ranging from replacing 5’ untranslated regions (UTRs) with characterized
regulatory sequences to codon optimizations of BGC encoded enzymes, can improve secondary
metabolism production18–22. Lastly, gene regulatory network rewiring can be induced through
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deletion or altering the expression of key global regulatory genes23. Rewired regulatory networks
has been reported to induce expression of previously silent BGCs

22,24–26

. These strategies

demonstrate that improvements to our understanding of how BGCs are regulated would be an
important step in improving our current secondary metabolites discovery pipeline.
Bacterial gene regulation is coordinated through interactions between cis-regulatory DNA
sequences and trans-regulatory proteins. Multiplexed reporter assays have emerged recently as a
powerful tool to dissect gene regulation27,28. High-throughput DNA synthesis enables systematic
exploration of a large sequences space of regulatory sequences to better understand the
fundamental principles driving gene expression and regulation. To explore major determinants of
gene expression and regulation of diverse BGC regulatory sequences, we performed a multiplex
reporter assay in S. albidoflavus J1074 (previously S. albus J1074), a model Actinobacteria and a
popular host for heterologous expression of BGCs29,30. Here, we characterized the largest
regulatory sequence library in Streptomyces and measured transcriptional activities of >3,000
regulatory sequences, spanning over a 1,000 range of expression. We found a significant
relationship between regulatory sequence’s activity and its GC content, and observed that
sequences mined upstream from genes with regulatory functions were generally more expressed
at a higher level. Furthermore, we demonstrate that the expression of regulatory sequences could
be modulated through regulatory network rewiring induced by expression of global regulators.
Finally, we developed a cell free expression system capable of rapidly characterizing
transcriptional activities of regulatory sequences in S. albidoflavus. Interestingly, we observed that
GC content was an important regulatory sequence feature that determined whether a regulatory
sequence would exhibit robust expression correlation between in vivo and in vitro settings. Results
from our systematic transcriptional mapping of regulatory sequences and their expression yield
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understanding of BGC regulation and may result in new insights and tools to better activate
expression of BGCs and to find novel secondary metabolites.

RESULTS
Mining, synthesis, and transformation of a BGC regulatory sequence library in a model
Actinomycetes
Recent efforts in genome sequencing have uncovered numerous cryptic BGCs in diverse
microbial genomes suggesting that BGCs are a rich source of complex gene regulation. As they
are composed of multiple genes and their expression is metabolically costly, their regulation must
be very precise. Indeed, majority of BGCs are transcriptionally silent under normal laboratory
conditions5. To systematically interrogate BGC regulation at the transcription level, we
characterized the transcriptional activities of regulatory sequences mined from BGC UTRs by
leveraging high-throughput DNA synthesis and deep sequencing (Fig 1A). About 400 full length
BGCs were downloaded from the Minimum Information about a Biosynthetic Gene cluster
(MIBiG) database31. This curated list of BGCs encompassed clusters associated with diverse
chemical class types as well as divergent phylogenetic origins (sFig 1A). Actinobacteria phylum
contributed the largest number of BGCs, highlighting its constituent microbes as prolific secondary
metabolite producers1. The length of these BGCs ranged from 1 kilobase (kb) to 150kb, with an
average length of ~41 kb (sFig 1B). BGCs encoded ~20 coding sequences (CDS) (sFig 1C) on
average and UTRs of these genes were mined for putative regulatory sequences.
Bacterial 5’ UTRs can encode various regulatory sequence motifs that can modulate gene
expression. We mined for putative regulatory sequences from BGC derived UTRs longer than 100
base pairs and compiled ~3,000 putative regulatory sequences. These UTRs had an average length
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of ~360 base pairs and most were between 100 and 1,000 base pairs (Fig 1B). On average, our
mining yielded ~8 regulatory sequences per BGC that satisfied our selection criteria (see Methods).
Next, we quantified the GC distribution of the library and found a bi-modal distribution of GC
content (Fig 1C). Previous work analyzing regulatory sequences in different species have reported
GC content to be a significant correlate of gene expression27. About half of the coding sequences
(CDSs) from which we mined regulatory sequences had gene function annotations. Most of the
CDSs are involved in biosynthesis functions while regulatory and transport functions were also
represented (Fig 1D).
Multiplexed reporter assays leveraging high-throughput DNA synthesis enable
transcriptional measurements and characterization of thousands of regulatory sequences. We
synthesized our ~3,200 mined regulatory sequences with two unique barcodes for each sequence
yielding a final library of ~6,400 constructs. We included control sequences such as constitutive
ermE promoter, inducible ptipA promoter, and other constitutive S. albidoflavus promoters

32

.

Each construct was synthesized with common flanking sequences and digestion sites for cloning,
and an ATG start codon. Synthesized oligonucleotide library pool was amplified and cloned
upstream of an ATG-less mCherry reporter gene on a shuttle vector derived from pIJ10257
plasmid backbone containing the ΦBT1 integrase33. The cloned library was first transformed into
E. coli S17 and then conjugated into S. albidoflavus at high coverage and integrated. Sequencing
library amplified from S. albidoflavus genomes revealed that ~3,000 regulatory sequences were
successfully cloned and conjugated, representing a final coverage of ~90% of the initially
synthesized library.

Multiplexed measurements of a BGC regulatory element library in S. albidoflavus
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RNA-seq and DNA-seq on the library population following liquid cultivation was
performed to quantify the basal transcriptional levels of BGC derived regulatory sequences in S.
albidoflavus. Of the initial 3,000 regulatory sequences successfully cloned into S. albidoflavus,
~800 sequences were inactive (≥10 DNA reads but <10 RNA reads) and the other ~2,200
sequences were active (≥10 DNA and RNA reads). We also observed robust transcriptional level
correlations between replicates (sFig 2A). Transcriptional measurements of active sequences
spanned over a 1,000-fold range of expression, highlighting that the regulatory sequences in our
library encapsulates a large and functionally diverse sequence space (Fig 2A). To our knowledge,
this dataset represents the largest set of characterized regulatory sequences in S. albidoflavus and
constitutes a useful resource for refactoring and rational engineering of secondary metabolism in
S. albidoflavus.
Next, we explored sequence properties such as GC content, functional annotation of
downstream gene, phylogenetic source, among other properties, of active and inactive sequences
to broadly dissect determinants of gene expression. We first compared the UTR length distribution
of active and inactive regulatory sequences and observed that the two distributions were not
significantly different (Kolmogorov–Smirnov (KS) test: p-value = 0.193) (sFig 2B), suggesting
that UTR length of a regulatory sequence (for UTRs longer 100 base pairs) is not predictive of
gene expression. GC content of regulatory sequences is known to be a major determinant of gene
expression with AT rich sequences generally associated with higher gene expression27. The
average GC content of active sequences was lower than the average GC content of inactive
sequences (KS test: p-value < 10-4) (Fig 2B), and we also observed a weak but significant
correlation (Pearson r = -0.143, p-value < 10-10) between expression levels of active regulatory

80

sequences and their GC content (Fig 2B/sFig 2C), suggesting regulatory sequence GC content is
also a strong predictor of gene expression in S. albidoflavus.
Next, we binned the regulatory sequence library by their phylogenetic origin
(Actinobacteria, Bacteroidetes, etc.), secondary metabolite class (terpenes, alkaloids, etc.), and
downstream gene function (biosynthesis, transport, etc.) and compared the ratio of active
regulatory sequences (the basal ratio of active sequences of all regulatory sequences is 73.3%.
Upon comparing the proportion of active sequences from different phyla, we observed that
sequences from Bacteroidetes (100%, 5 sequences), Cyanobacteria (85.8%, 247 sequences), and
Firmicutes (84.9%, 106 sequences), were generally more likely to be active while Actinobacteria
sequences had the lowest proportion of active sequences (70.5%) (Fig 2C). Pairwise comparisons
of active regulatory sequence expression levels confirmed that Cyanobacterial and Firmicutes
sequences had significantly higher average expression compared to Actinobacterial sequences (KS
tests, p-values < 1e-4) (Fig 2C). Incidentally, the average regulatory sequence GC content of
different phyla were significantly correlated to proportion of active sequences (Pearson r = -0.86,
p-value = 0.025) (sFig 2C), and normalizing Tx measurements by the GC content/Tx relationship
lowered the overall pairwise comparisons that were significantly different (sFig 2D), suggesting
that the observed relationship between source phyla and proportion of active sequences can also
be explained through GC content differences.
For chemical class of BGCs, regulatory sequences mined from saccharide BGCs had the
highest proportion of active sequences (81.4%) while polyketide regulatory sequences had the
lowest ratio (69.4%) (sFig 2E). While the average regulatory sequence GC content of chemical
classes were also correlated to the proportion of active sequences (Pearson r = -0.615, p-value =
0.141), the correlation coefficient was lower and not statistically significant, suggesting that GC

81

content alone cannot account for the observed relationship between source BGC type and
proportion of active sequences. However, when we compared the Tx measurements of active
sequences, we did not observe any pairs of chemical class categories with significantly different
expression means, suggesting that chemical class categories are not indicative of gene expression.
Lastly, for downstream gene functions, regulatory sequences that are involved in BGC
regulation had the highest proportion of active sequences (83.7%) while biosynthesis sequences
had the lowest (70.4%) (Fig 2D). No correlation between GC content and active ratios of
downstream gene function groupings was observed (Pearson r = -0.21, p-value = 0.780),
suggesting that the observed relationship between downstream gene function and active regulatory
sequences are independent of GC content effects. This observation was also in accordance with
Tx measurements of active sequences: comparison of sequences involved in regulation had higher
average expression compared to sequences in biosynthesis (KS test, p-value = 0.0015). Overall,
GC content was observed to be a strong determinant of gene expression and downstream gene
function also being a relatively good indicator of BGC regulatory sequences in S. albidoflavus.
We next mapped the transcription start sites (TSS) of active regulatory sequences to better
dissect sequence determinants of transcriptional activation directly (see Methods). TSSs were
highly correlated between biological replicates (r >0.99) and barcode replicates (r = 0.95) (sFig
3A). We next pooled all replicate data and compiled TSS for the entire library to yield ~850
primary TSS locations. We observed that TSS locations for regulatory sequences were bimodal
with the primary TSS locations clustered around either 10 or 30 base pairs upstream of the start
codon location (Fig 3A). We also observed that ~14% of TSS were located within 5bp of the start
codon, suggesting that many BGC regulatory sequences may be leaderless. Most promoters had a
single primary TSS (503/853 sequences) but a smaller subset of sequences also had more than one
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TSSs (328, 2TSS; 22, 3TSS). (Fig 3B) We observed that GC content of regulatory sequences were
different between sequences with 1 TSS or 1+ TSS (t-test, p-value < 0.005) (Fig 3C). Overall, we
observed that leaderless regulatory sequences were prevalent, and that lower GC content was
correlated to having multiple TSS.
Next, we searched upstream of TSS locations to identify the -10 and the -35 sigma factor
motifs that facilitate transcriptional activation in S. albidoflavus. Using BioProspector, we
identified an enriched bipartite sequence motif (ttGac/tAnnT, uppercase illustrating high
conservation) (Fig 3D). Comparison to the canonical sigma factor motif from E. coli,
(TTGACA/TATAAT), the -10 motif from S. albidoflavus is more similar than the -35 motif. In
the -35 motif from S. albidoflavus, -33 G is highly conserved but other weakly conserved bases
are also similar to the canonical E. coli motif. Our S. albidoflavus motif is more similar to the
sigma factor motif generated from Streptomyces coelicolor (ntGACc/tAnnnT) 34. To more deeply
probe gene expression sequences, we selected the top 10% most active sequences and searched for
sequence motifs. From this smaller subset, we yielded a slightly different sequence motif
(tTGccA/TAnnnT) (Fig 3D). We note that for highly expressed sequences, -35 motif was more
similar to the canonical E. coli -35 motif and the -12 T was more conserved. Here, using sequences
upstream of TSS we highlight sequence determinants of active regulatory sequences.

Modulation of BGC regulatory sequence expression through of global regulatory proteins
Pleiotropic global regulators with the capacity to drastically alter and rewire the gene
regulatory network have been a rich source of factors for metabolic engineering and improving
natural product yields5. We sought to determine whether through expression of global regulators
we could induce direct transcriptional changes in BGC-derived regulatory sequences. To that end,
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we assembled a list of various global regulatory proteins and factors that have been successfully
utilized in other studies to improve natural product yields in diverse Streptomyces species (Table
1). Our pleiotropic global regulators included transcription factors the GntR-like factor lndYR35
as well as two component system response regulators such as AbrC336,37, and AfsQ138,39. We also
included an endogenous response regulator from S. albidoflavus (XNR_3487). On the other hand,
we also included non-DNA binding pleiotropic regulators such as bldA40,41, a tRNA gene encoding
a rare Streptomyces codon enriched in certain secondary metabolism genes, BldB42,43, a small
protein (<100 AA) with various pleiotropic phenotypes, and frr, a ribosome recycling factor44,45.
Next, to test and screen for transcriptional changes induced by each regulator, we generated
different S. albidoflavus strains expressing a single regulator and then characterized the BGC
regulatory sequence library in each of strain. Briefly, we first cloned the regulators into the pIJ6902
shuttle vector downstream of the thiostrepton inducible promoter in E. coli and subsequently
conjugated the resulting plasmids into S. albidoflavus where it integrated into the genome using
its ΦC31 integrase system. Both the ΦBT1 (regulatory sequence library constructs) and ΦC31
(inducible regulator construct) integration system are confirmed to be compatible for various
streptomyces strains46 and we also confirmed their compatibility in S. albidoflavus (Fig 4A). We
then performed library conjugations into each strain to yield eight different S. albidoflavus library
populations (seven inducible regulator strains and one strain with an empty pIJ6902 vector). We
grew the library populations with and without thiostrepton profile transcriptional activities of the
library with regulator expression induced and not induced, respectively. We confirmed that in all
libraries, including the regulator null control, the expression from the thiostrepton inducible
promoter was induced about ~63 fold on average.
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Next, we identified regulatory sequences with altered expression patterns when regulator
expression was induced. Following removing regulatory sequences that also had altered expression
levels in the empty regulator construc, we report ~16 regulatory sequences on average had
increased expression and ~31 regulatory sequences on average had decreased expression in
response to expression of various global regulators. Induced expression of the endogenous twocomponent system response regulator, XNR_3487, yielded the highest number of decreased
regulatory sequence expressions (70 sequences) while induced expression of the pleiotropic small
protein regulator bldB yielded the highest number of increased expression regulatory sequence
expressions (20 sequences). Majority of changes in gene expression were orthogonal, suggesting
expression of global regulators can be leveraged to specifically modulate gene expression of BGC
regulatory sequences (Fig 4B). We did observe some overlap in altered gene expression changes;
abrC3 and afsQ1, shared ~50% of regulatory sequences with decreased gene expression. Overall,
we observed that 151 BGCs had at least 1 regulatory sequence with altered gene expression.
Generally, the most changes were observed in sequences with characteristics associated with lower
relative transcriptional activities, such as polyketide sequences, actinobacterial sequences,
transport and biosynthesis sequences (sFig 4A). Together results here highlight that expression of
global regulators enables modulation of gene expression from regulatory sequenced derived from
BGCs.

Optimization and application of in vitro transcription system for S. albidoflavus gene
expression
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Recent studies have shown that cell free expression systems can rapidly characterize
regulatory sequence activities in high throughput. This may potentially be a powerful approach to
rapidly screen transcriptional activities of regulatory sequences from biosynthetic gene clusters.
We therefore leveraged our previous approach for developing a panel of cell free expression
systems using diverse bacteria47 to develop and optimize a robust cell free expression system for
S. albidoflavus (Fig 5A). Briefly, cells were cultivation in a liquid medium, lysed through
sonication, incubated in a runoff reaction and dialyzed. We also used Broccoli, an RNA aptamer
that fluoresces when bound to DHFBI-1T, to optimize reaction buffer concentrations of Mgglutamate and K-glutamate (sFig 5A). Next, using the same set of 234 regulatory sequences with
a diverse range of transcriptional activities characterized in various cell free expression systems47,
we measured transcriptional activities both in vivo and in vitro and observed that the measurements
were well correlated (Fig 5B).
We next measured the transcriptional activities of regulatory sequences derived from BGC
in our cell free expression systems. However, upon comparing the in vitro transcriptional
measurements of BGC derived regulatory sequences against the in vivo transcriptional
measurements, we observed low correlation (r = 0.54) (sFig 5B). Interestingly, upon further
dissection, we observed that GC content of regulatory sequences was a strong predictor of gene
expression correlation between in vitro and in vivo measurements. Specifically, we observed that
sequences with low GC content had lower transcriptional measurements in vivo than in vitro while
sequences with high GC content had higher transcriptional measurements in vitro than in vivo
correlation between transcriptional measurements (Fig 5C). These results here suggest that there
may be differences in cell free and cellular environments, such as absence of specific factors
possibly lost during cell extract preparation, that yields different gene expression measurements.
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While we developed and optimized a cell free expression system using S. albidoflavus, our results
indicate that further refinement may yield higher performance expression systems that can better
recapitulate wider range of GC content regulatory sequences.

DISCUSSION
Here, using a library of diverse regulatory sequences derived from various BGCs, we
explored transcriptional activity landscapes of BGCs using the model Actinomyces, S.
albidoflavus J1074 (S. albus J1074). We observed a large range of transcriptional activities (over
1,000-fold) demonstrating complex transcriptional regulatory space of BGCs. We observed that
GC content was a strong determinant of expression as well as the functional category of the
downstream gene from which sequences were derived. In addition, we demonstrated that the
expression levels of many regulatory sequences could be modulated through induced expression
of various global regulatory factors including both DNA-binding transcription factors and
pleiotropic factors that do not bind DNA. Finally, we developed an in-vitro platform to more
rapidly measure transcriptional potential of regulatory sequence in S. albidoflavus. Interestingly,
we observed that only a subset of regulatory sequences with low GC content had transcriptional
measurements that robustly correlated with their cognate in vivo measurements.
Furthermore, more complex regulatory rewiring can be potentially explored through
combinatorial expression of global regulatory proteins. Streptomyces antibiotic regulatory proteins
(SARPs), which are generally regarded as BGC/pathway specific transcriptional regulators have
been shown to encode more TTA codon than other proteins found in the Streptomyces genome40.
Therefore, co-expression of both SARPs and bldA (tRNA gene encoding the rare TTA codon),
may enable successful activation of various BGCs. In addition, exploring other classes of
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regulatory factors, such as ECF sigma factors, which are found abundantly in Streptomyces
genomes48 may also enable rewiring and induce activation of BGCs. Lastly, improvements upon
the cell free expression systems may yet yield more rapid approaches to dissect the complex gene
regulation of BGCs.

METHODS
Mining, synthesis and cloning a regulatory sequence library from BGCs
From the MIBiG database (version 1.4), we selected complete BGC entries and mined for
regulatory sequences. 5’ untranslated regions (UTRs) of every annotated coding sequences were
mined from each BGC. UTRs shorter than 100 base pairs were discarded and from the remaining
UTR sequences, 100 base pairs directly upstream of the start codon were compiled. Next, any
sequences containing BamHI or PstI restriction digest cut sites were removed from the library.
Finally, to each mined sequence, we added a start codon, a unique 12-mer barcode (>1 hamming
distance from all other barcodes) on the 3’ end, and flanked the whole sequence with common
amplification sequences and BamHI (5’) and PstI (3’) restriction digest sites to yield a 165 base
pair sequences. Each regulatory sequence was synthesized twice with unique barcodes to yield a
final oligonucleotide library of 6,387 sequences (Agilent, G7721A). The oligo pool was amplified
in 16 parallel 20uL PCR reactions (1x Q5 Hot start HiFi Master Mix (NEB, M0543L), 0.5uM each
primer JP194, JP195) for 7 cycles to prevent overamplification (95C 30s, 7 cycles: 95C 10s, 72°C
30s; and 72C 2min). PCR reactions were pooled and cleaned up with beads (Beckman Coulter,
A63881). We generated pJP50 plasmid by replacing the ermE promoter region of pIJ12057
plasmid with a synthetic DNA construct (IDT, gBlock) containing a multiple cloning site and a
start codon less mCherry reporter construct flanked by fd and t0 terminators using NEB Builder
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HiFi DNA assembly (NEB, E2621L). Resulting reaction was transformed into NEB turbo (NEB,
C2984H) and positive clones were selected with 50ug/mL hygromycin (Invitrogen, 10687010).
Purified oligo pool and pJP50 backbone were restriction digested with PstI and BamHI, PCR
purified, and ligated with T4 DNA ligase (NEB M0202T). Resulting ligation reaction was PCR
purified, resuspended into a 100uL aliquot of E. coli MegaX DH10B electrocompetent cells
(Invitrogen, C640003), aliquoted into four prechilled 1mm cuvettes (Bio-Rad, 1652089),
electroporated, and recovered in 4mL SOC at 37°C for 1 hour. Subsequently, we used 5uL of the
recovery culture and plated serial dilutions to determine cloning coverage (>1,500x cloning
coverage). Rest of the recovery culture was passaged through two subsequent liquid selections in
LB with hygromycin grown overnight at 30°C. Finally, library plasmid DNA was prepped (Zymo,
D4200) and transformed into E. coli S17 for subsequent conjugation reactions.

Cloning inducible global regulator S. albidoflavus strains
Inducible regulator plasmids were Gibson cloned using NEB builder HiFi DNA assembly
with PCR amplified regulators with overhang homology to pIJ6902 plasmid and linearized
pIJ6902 plasmid backbone in NEB turbo and selecting for resistant colonies with 50ug/mL
apramycin (Sigma, A2024). Resulting plasmids were miniprepped and transformed into E. coli
S17 strain for subsequent conjugation into S. albidoflavus. Briefly, E. coli S17 strains with
regulator plasmids were grown overnight at 37C. Next day, the E. coli strains were diluted 100fold into a 5mL LB culture with apramycin and grown until mid-log phase was reached (OD600
= 0.5). Then, cultures were pelleted in a prechilled centrifuge and washed twice with cold LB
without any antibiotics. Then, 1uL of S. albidoflavus spore stock (~108 spores) was inoculated into
100uL 2xYT media for each conjugation reaction and activated by heat shocking for 10 minutes
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at 50°C. Activated spores were mixed with washed S17 strains, spun down, resuspended in 100uL
2xYT and plated on 30mL ISP4 agar supplemented with 10mM MgCl2. Conjugation reactions
were carried out at 30°C for 14 hours and then 1mL antibiotic overlay containing 30uL each of
1,000x apramycin and nalidixic acid (Sigma N8878) stock solution was applied to each
conjugation plate. The selection was carried out for 14 days at 30°C, until ex-conjugants were
visible. To prep spore stock from conjugants, single colonies were inoculated into R5A media with
nalidixic acid and apramycin and grown for 2 days at 30°C. Subsequently, cells from liquid
cultures were plated on ISP4 agar plates and incubated at 30°C for 14 days then spores were
harvested.

Library scale conjugation into S. albidoflavus
To transform the regulatory sequence libraries into S. albidoflavus, we performed an
optimized conjugation protocol adapted from a previous study14. Briefly, we scaled up the amount
of S17 E. coli strains 10-fold (50mL of mid-log cultures) and S. albidoflavus spores 50-fold
(~5*109 spores per conjugation). For each library (or regulator-library pairs), we performed 4
optimized conjugation reactions carried out on 150mm petri dishes (Fischer, FB0875714) with
60mL ISP4 agar with 10mM MgCl2. Selective antibiotic overlay consisted of 2mL distilled water
supplemented with 60uL of 1,000x hygromycin and nalidixic acid (and apramycin for regulatorlibrary pairs) stock solutions. Following selection for 14 days at 30°C, spores were prepped
directly from the four conjugation plates to yield stocks of ~108/uL spores.

Sequencing Library prep in S. albidoflavus
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All streptomyces cultures were propagated in 125mL baffled Erlenmeyer flasks (KIMAX,
10-140-6) with 20-30 glass beads (Zymo, S1001) added to disrupt clumping. Initially, ~10uL of
library spore stock (~109 spores) were resuspended in 200uL 2xYT media, activated through heat
shock at 50°C for 10 minutes and inoculated into 20mL R5A media with nalidixic acid and
hygromycin. For strains with regulators, apramycin was added. To induced regulator expression,
thiostrepton (Sigma, T8902) was also added (50ug/mL final conc). For the BGC library in the
wildtype S. albidoflavus strain, we cultivated 2 biological replicates and for libraries in inducible
regulator S. albidoflavus strains, we cultivated 2 biological replicate each for induced and
uninduced conditions. Following growth in a shaker (250 rpm) at 30°C for 48 hours, cultures were
diluted 50-fold into fresh 20mL R5A media with appropriate supplements and incubated for 24
hours. Dilution was repeated once more into 50mL media, cultures were incubated for additional
16 hours and then harvested. Cells from the final 50mL cultures were pelleted through
centrifugation and washed twice in cold PBS. Subsequently, the pellets were resuspended in 2.4
mL RNA-snap buffer49. Approximately 1.6mL of resuspended cells were transferred into bead
beating tubes (BioSpec, 330TX) preloaded with ~100uL 0.1mm glass beads (BioSpec, 11079101).
Samples were bead beat (BioSpec, 112011) for 5 minutes at 4°C in two intervals. Next, samples
were subjected to heat shock at 97°C for 7 minutes and spun down for 10 minutes at 15,000 rpm.
500uL of supernatants were transferred to 2mL nuclease free water in a 5mL tube and then 2.5mL
phenol:chloroform:isoamyl alcohol (Sigma, P2069) was added. Samples were vortexed and spun
down in a pre-chilled centrifuge at 17,500 rpm for 1 hour. 2mL of the top aqueous layer and phenol
chloroform extraction was repeated once more. Next, 1.25mL of the aqueous layer was transferred
to a new 5mL tube and ethanol precipitated (3.75mL ethanol, 125uL 3M NaOAc), and resuspended
in approximately 400uL nuclease free water. 50ng of the resulting samples were used as templates
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to prep DNA library sequencing samples. For each sample, regulatory sequence was amplified in
a 20uL PCR reaction: 10uL Q5 Hot start HiFi Master Mix (NEB, M0543L), 0.2uL 100x SYBR
green (Invitrogen, S7567), 6.8uL nuclease free water, 1uL each of 10mM forward and reverse
primers (Supplementary materials), and 1uL template. PCR (95C 30s, cycle: 95°C 10s, 65°C 10s,
72°C 10s; and 72°C 2min) was performed on a real time PCR machine (Bio-Rad, CFX-96) and
the reaction was terminated during exponential amplification (~20 cycles). 0.1uL of the first PCR
reaction was used to perform a second 20uL (1x Q5 Hot start HiFi Master Mix, 1x SYBR green,
0.5uM of p5_X and p7_X amp2 primers (Supplementary Table)) PCR (95C 30s, cycle: 95C 10s,
72C 30s; and 72C 2min) reaction (ran on real time PCR machine to terminate reaction during
exponential amplification) to add sample barcode indexes and Illumina p5 and p7 adapter
sequences, yielding DNA library sequencing samples. For RNA libraries, we started with 50ug of
each sample and digested DNA with TURBO DNase (Invitrogen, AM2239) as follows: 2x50uL
reactions containing 5uL TURBO DNase buffer, 2uL TURBO DNase, 1uL RiboLock RNase
inhibitor (Thermo Scientific, EO0384), and 42uL water with 25ug RNA sample and incubated at
37°C for 1 hour. 2 digestion reactions of each sample were pooled together, purified up using RNA
clean and concentrator (Zymo, R1017), and eluted in 40uL. Next we performed three reverse
transcription reactions for each sample using gene specific primer targeting the mCherry reporter
transcript (JP616) and SSIV (Invitrogen, 18090010). First, 11uL of the purified total RNA samples,
1uL 10mM DNTPs, and 1uL 20uM mCherry primer were incubated at 65°C for 5 minutes and
then on ice for 1 minute. Next, a master mix consisting of 4uL SSIV buffer, 1uL 100mM DTT,
1uL RiboLock, and 1uL SSIV were added and samples were incubated using the following
protocol: 55°C for 90 minutes, 80°C for 15 minutes. Next, 1uL each of RNase A (EN0531) and
RNase H (M0297S) were added and samples were incubated at 37°C for 30 minutes to remove
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remaining RNA. Samples were purified using 2x SPRI beads (Beckman Coulter, A63881), and
eluted in ~18uL. Adapter sequences were ligated to the samples as follows: to 5.1uL cDNA
template add 2uL 40uM DNA adapter (JP_adapter), incubate at 75°C for 3 minutes and on ice for
1 minute, then add 2uL T4 RNA ligase buffer, 0.8uL DMSO, 0.2uL 100mM ATP, 8.4uL 50%
PEG 8000, and 1.5uL T4 RNA ligase (NEB, M0437M), and incubate for 16 hours at 22°C. Adapter
ligated samples were cleaned up using 2x SPRI beads and eluted in ~20uL. 3 adapter ligation
reactions were carried out for each sample. Four RNA library sequencing samples were prepared
from each adapter ligated sample using the same 2 step qPCR protocol described above for
prepping DNA library sequencing samples. All sequencing samples were pooled together
following quantification of dsDNA concentration (Invitrogen, Q32851) of each sample, cleaned
up using 2x SPRI beads (Beckman Coulter, A63881), and sequenced with an Illumina NextSeq
300-cycle (150 pair-end) mid-output kit (Illumina, 20024905).

Sequencing Analysis
Raw sequencing reads were pair end merged using SeqPrep. Then using a custom python
script, merged reads with low quality scores were removed (expected error >2 for the full merged
read). Next, counts of each regulatory sequence construct with correct barcode identifiers were
tallied with up to 4% mismatch tolerance in regulatory sequence regions and no mismatch allowed
in barcode regions. Counts of each construct were divided by the total sum of all constructs to
yield relative abundance measurements. For constructs with 10+ DNA and RNA counts, we
calculate a Tx value by dividing its relative RNA abundance by its relative DNA abundance.
Replicate Tx values (technical, biological, and barcode replicates), were averaged to yield a final
set of Tx values for each sample. Sequences with at least 1 Tx value in all replicates were
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categorized as active regulatory sequences, sequences with <10 RNA counts across all replicates
but with >10 DNA counts in at least one replicate were categorized as inactive, and sequences with
<10 DNA and RNA counts across all replicates were categorized as missing. Sequences with more
than 10-fold expression differences between induced and uninduced samples were identified as
differentially expressed. Additional sequences that changed from inactive to active or active to
inactive in response to regulator induction were also identified as differentially expressed. When
identifying sequences that became active upon induction, only sequences that were not active
across all uninduced libraries (i.e. 0 active, ≥4 inactive and <4 missing in across all 7 uninduced
libraries) were considered. Likewise, when identifying sequences that became inactive upon
induction, only sequences that were active in all uninduced libraries (0 inactive, ≥4 active, and <4
missing across all uninduced libraries) were considered.

TSS Analysis
TSS calls for each RNA read was determined through alignment against the reference
regulatory sequence. For each regulatory sequence with more than 200 RNA reads, we processed
all TSS calls of each regulatory sequence to yield TSS locations through a k-means clustering
algorithm. Briefly, starting with 16 evenly spaced seeds from 0-100, clusters were reduced if two
clusters are found within 10 base pairs of each another or if the cluster contained <1% of all TSS
calls. We defined primary TSS location of each sequence as the cluster that contained ≥ 70% of
all TSS calls. Secondary TSS was defined as clusters that contained > 10% of all TSS calls.

Motif analysis

94

We mined for enriched bipartite sequence motifs (-10 and the -35 motifs) from regulatory
sequences upstream of primary TSS locations using BioProspector50. BioProspector algorithm was
executed with the following parameters: -d 1 -n 200 -a 1 -w 9 -W 9 -g 15 -G 21 and the regulatory
sequence library was used to normalize for background distribution. Spacer between the sequence
motif was determined by the median distance rounded to nearest integer value between the two
motif locations across all analyzed upstream sequences.

Development and optimization of a cell free expression system using S. albidoflavus
Streptomyces albidoflavus were propagated in 125mL baffled flask with glass beads as
described above. Compositions of all buffers and reaction mixtures can be found in Supplemental
materials. Briefly, 2uL spore stock was activated in 500uL 2xYT for 10 minutes at 50°C,
inoculated into 20mL R5A media supplemented with nalidixic acid, and incubated at 30°C for 48
hours at 250 rpm. 400uL of the resulting culture was used to inoculate fresh 20mL of the same
liquid media (50-fold dilution) and incubated for 24 hours. 2mL of the resulting culture was used
to inoculate two fresh 50mL of the same liquid media (50-fold dilution each) and incubated for 16
hours. Cells were then pelleted in 50ml falcon tubes in a pre-chilled centrifuge. Pellets were
washed twice in 50mL S30A buffer, and the once in 5mL S30A buffer. Cells were then
resuspended in 1ml S30A per 1 gram of wet cell mass (100mL of cells yielded ~6-700mg wet cell
pellet). Resuspended cells were lysed through sonication using Q125 sonicator (QSonica) while
incubated on an ice slurry with the following protocol: 50% amplitude, cycles of 30s on 30s off
until a total of 500J has been applied. Lysates were transferred to a prechilled 1.5mL Eppendorf
and centrifuged at 4°C for 30 minutes at 12,000g to pellet residual cellular debris. Supernatant was
then removed to a new Eppendorf tube and runoff reactions were performed by incubating the
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supernatant at 30°C for 90 minutes at 250rpm. Lysates were centrifuged again for 30 minutes, and
the supernatant was transferred to a dialysis cassette (Slide-A-Lyzer Dialysis cassette kit 10K
MWCO, Thermo Scientific, 66382), and dialyzed in S30B buffer for 3 hours at 4C. Lysates were
centrifuged one last time for at 4°C for 10 minutes at 12,000g and supernatant were removed,
aliquoted, snap frozen and stored at -80C. Protein qubit assay kit (Invitrogen, Q33212) was used
to measure protein concentration of S. albidoflavus cell lysate, about 18.5mg/mL. Cell free reaction
was optimized by combining the lysate, amino acids, energy buffer, PEG with varying the
concentrations of Mg-glutamate (0, 3, 6, 9 mM) and K-glutamate (0,30,60,90mM) to test 16
different reaction conditions. To 7.5uL of the reaction mix described above, we added 2uL reporter
plasmid pTOPO-F30-Broccili (final concentration of 50mM), and 0.5uL of 10mM DHFBI-1T
(Tocris, 5610). Each reaction condition was tested in triplicate on a 96 well skirted PCR plate
(BioRad, HSP9601) sealed with optical plate seal. Fluorescence measurements were performed in
a biotek H1 plate reader for 16 hours at 30°C using and 482nM excitation and 505nM emission.
We observed maximum fluorescence measurements from 6 and 9 Mg-glutamate and 90mM Kglutamate at around 5 hours post incubations. We next compared fluorescence measurements using
6, and 9 mM Mg-glutamate and 90, and 150 mM K-glutamate and observed highest fluorescence
measurements from 9mM Mg-glutamate and 150mM K-glutamate.

Sequencing library prep with S. albidoflavus cell free expression systems
Cell free transcriptional reactions were carried out in 10uL reactions containing 7.5uL cell
lysate and reaction mixtures and 2.5uL plasmid DNA library (final concentration of 50mM).
Reactions were incubated at 30C for 1 hour and harvested. Reaction was purified using Zymo RCC
and elution in 50uL. 2uL of the purified reaction was diluted 10-fold and used as a template to
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prep DNA sequencing libraries as described above. To prep RNA sequencing library, 5ug of the
purified reaction was used to perform a 20uL DNase digestion reaction (2uL Turbo DNase buffer,
1uL Turbo DNase, 0.5uL RiboLock RNase inhibitor). Reaction was purified using Zymo RCC kit
and eluted in 20uL. 11uL of the resulting elution was used to perform a 20uL reverse transcription
reaction as described above, purified using 2xSPRI beads, and eluted in ~12uL. 2 AL reactions
were carried out as described above. The resulting adapter ligated samples were used to prep RNA
sequencing libraries as described above.
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Figure 3.1. Building a regulatory sequence library from Biosynthetic Gene Clusters. (A)
Overview of the pipeline to measure transcriptional activities of regulatory sequences in S.
albidoflavus J1074. Regulatory sequences are mined from UTRs of MIBiG BGCs. Subsequently,
a start codon, barcode identifiers, and restriction digest sequences are added to each sequence and
all sequences are synthesized together as an oligonucleotide pool. Following cloning in E. coli and
subsequent conjugation into S. albidoflavus, targeted DNA-seq and RNA-seq are used to measure
transcriptional activities of each library sequence. (B) Distribution of UTR lengths of BGCs. (C)
GC content distribution of 100 base pair regulatory sequences mined from BGC UTRs. (D)
Different gene function categories associated with CDSs downstream of mined UTRs. Categories
were assigned by their smCOG designations.
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Figure 3.2. Basal transcriptional activity landscape of BGC regulatory sequences in S.
albidoflavus. (A) Distribution of transcriptional measurements of 2,186 active regulatory sequence
in S. albidoflavus. Transcriptional activities spanned >1,000-fold range of expression. (B) GC
content distribution of active and inactive regulatory sequences (left). Transcriptional activity
distribution of active regulatory sequences grouped by their GC content (right). (C) Proportion of
active sequences for each phylogenetic source groupings (left). Dashed line denotes the average
proportion of library active across all sequences. Scatterplot comparing average GC content of
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each phylogenetic source grouping and the proportion of active regulatory sequences (middle).
Distribution of transcriptional measurements between regulatory sequences grouped by
phylogenetic sources. All pairwise comparisons were significant barring the three pairwise
comparison shown (right) (see supplemental materials for p-values). (D) Proportion of active
sequences for each downstream gene function groupings (left). Dashed line denotes the average
proportion of library active across all sequences. Comparison of average GC content of regulatory
sequences grouped by downstream gene function show no correlation between proportion of active
sequences and GC content. (middle). Comparison of transcriptional measurements distributions
show significant differences between sequences mined from regulatory genes and sequences
mined from biosynthesis genes.
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Figure 3.3. Transcription start site and sequence motif analysis of BGC regulatory sequences.
(A) Distribution of TSS locations measured in S. albidoflavus for 853 regulatory sequences. (B)
TSS number distribution for regulatory sequences with primary TSS. (C) GC content of regulatory
sequences with a single TSS compared to GC content of regulatory sequences with more than one
TSS. (D) Sigma factor motifs generated from regulatory sequences upstream of TSS from the top
10% highest expression regulatory sequences (Top) and from all active regulatory sequences
(Bottom).
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Figure 3.4. Modulating transcriptional activities of regulatory sequences through expression
of global regulatory proteins in S. albidoflavus. (A) Demonstration of co-maintenance and full
expression from two plasmid constructs with different integration systems (pJP12 and regulatory
sequence library backbone: ΦBT1, pJP19 and regulator expression backbone: ΦC31). (B)
Heatmap illustrating number of regulatory sequences with altered expression for each global
regulator. Also identifies degrees of regulatory overlap between global regulators (i.e.
orthogonality).
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Figure 3.5. Cell free expression platform for rapid characterization of regulatory sequence
activities in S. albidoflavus. (A) Overview of using S. albidoflavus derived cell free expression
system to measure transcriptional activities of regulatory sequence libraries. Following preparation
of cell extracts, cell-free reaction is assembled through mixing the cell lysates with optimized
buffers and the plasmid sequence libraries. The reaction in then incubated and then DNA and RNA
sequencing libraries are prepped and sequenced. (B) Initial testing of using S. albidoflavus cell
free expression system using a set of ~234 defined regulatory sequences previously characterized
in cell free systems derived from various microbes demonstrated robust measurements between in
vivo and in vitro approaches. (C) Two different correlation relationships are observed between in
vivo and in vitro transcription measurements when the BGC derived regulatory sequence library
is tested.
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Table 3.1. Global Regulatory factors and their effects on BGC regulatory sequence
expression
Regulator
Description
DNA binding?
Sequences with Sequences with

AbrC3

increased

decreased

expression

expression

19

39

10

39

19

70

17

10

20

17

No

15

11

Yes

6

32

Two component Yes
system

(TCS)

Response
Regulator
AfsQ1

TCS

Response Yes

Regulator
XNR_3847

TCS

Response Yes

Regulator
bldA

TTA

codon No

tRNA
bldB

Pleiotropic small
protein

frr

Ribosome
recycling factor

IndYR

GntR-like
transcriptional
regulator

107

Supplemental Figure 3.S1. Meta-analysis of Biosynthetic Gene Cluster dataset. (A) Bar plots
displaying Biosynthetic Gene Cluster counts by their secondary metabolite type categories (left).
BGCs counts by their phylogenetic source (right). (B) Distribution of BGC lengths in kilobases.
(C) Distribution of number of coding sequences per BGCs.
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Supplemental Figure 3.S2. Transcriptional activities of BGC regulatory sequence library
and correlations with sequence features. (A) Correlation of regulatory sequence measurement
between replicate pairs. Technical replicates show highest correlation followed by biological and
then barcode replicates. (B) Comparison of UTR lengths between active sequences and inactive
sequences. (C) Scatterplot and linear regression between regulatory sequence GC content and
expression of regulatory sequences. (D) Transcriptional measurement distribution comparisons
between phylogenetic groups after normalizing for GC content effects. (E) Proportion of active
sequences for each secondary metabolite class groupings (left). Dashed line denotes the average
proportion of library active across all sequences. Comparison of average GC content of regulatory
sequences grouped by secondary metabolite (middle). Comparison of transcriptional
measurements distributions between regulatory sequences from different secondary metabolite
class BGCs.
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Supplemental Figure 3.S3. Transcriptional Start Site analysis replicates. (A) Primary TSS
locations between two biological replicates. (B) Primary TSS locations between identical
regulatory sequences measured with two different barcodes.

110

Supplemental Figure 3.S4. Sequences with altered expression grouped by sequence features.
Proportions of regulatory sequences that can be modulated through expression of global regulatory
proteins. Regulatory sequences are grouped by the following sequence features: phylogenetic
origin, secondary metabolite class, and downstream gene functions.
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Supplementary Figure 3.S5. Optimization of cell free extracts using S. albidoflavus and
multiplexed library measurements. (A) Optimization of Mg-Glutamate and K-glutamate
concentrations for S. albidoflavus cell free expression system using the RNA aptamer broccoli and
DHFBI-1T as a reporter. Left plot shows a preliminary large-scale optimization while the right
plot shows a final optimization comparing fewer reaction conditions. (B) Comparison of
transcriptional activities of regulatory sequences derived from BGCs between measurements made
using cell free expression system and directly in vivo.
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Supplementary Table 3.S1. List of plasmids used in this study.
Plasmid

Description

Source/Reference

pIJ10257

Streptomyces shuttle vector with ermE
promoter, HygR, and ΦBT1 integration system

1

pJP12

pIJ10257 plasmid containing eGFP reporter
gene

This work

pJP50

pIJ10257 derivative, replaced ermE expression
loci with insulated terminators, ATG-less
mCherry reporter, and a library cloning site.

This work

pIJ6902

Streptomyces shuttle vector with thiostrepton
inducible promoter, tsr (thiostrepton resistance
gene), AAC(3)-IV (apramycin resistance gene)
and ΦBT1 integration system

2

pIJ6902abrC3

pIJ6902 containing thiostrepton inducible
abrC3 regulator gene

This work

pIJ6902afsQ1

pIJ6902 containing thiostrepton inducible afsS
regulator

This work

pIJ6902XNR-3487

pIJ6902 containing thiostrepton inducible
XNR-3487 regulator

This work

pIJ6902bldA

pIJ6902 containing thiostrepton inducible bldA
regulator

This work

pIJ6902bldB

pIJ6902 containing thiostrepton inducible bldB
regulator

This work

pIJ6902-frr

pIJ6902 containing thiostrepton inducible frr
regulator

This work

pIJ6902IndYR

pIJ6902 containing thiostrepton inducible
IndYR regulator

This work

pJP19

pIJ6902 containing thiostrepton inducible
mCherry reporter

This work
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Supplementary Table 3.S2. List of regulators used in this study.
Regulator

Desciption

Sequence

abrC3

Two component
system Response
Regulator from S.
albus

GTGCGGGTGGTCATCGCCGAGGATTCGGTGCTGCTGAGGGAGGG
CCTGACCCGGCTCCTGACCGACCGGGGGCACGAGGTGGTCGCCG
GGGTCGGGGATGCCCAGGCGCTGGTGAAGACCATCGCCGAGCTG
GCGGCGGCGGACGAGCTGCCGGATGTGGTGGTCGCGGACGTGCG
GATGCCGCCGACCCACACCGACGAGGGCGTACGGGCTGCCGTGC
AACTGCGGAGCAGGCATCCGGGACTCGGAGTGCTGGTGCTCTCC
CAGTACGTGGAAGAGCGGTACGCGACGGAGCTGCTGGCCGGTTC
CAGCAGGGGGGTCGGCTACCTGCTCAAGGACCGGGTGGCGGAGG
TCCGCGAGTTCGTGGACGCGGTGGTGCGGGTGGCCGAGGGCGGC
ACGGCCCTGGACCCGGAGGTGGTGGCCCAGCTCCTGGGCCGCAG
CCGGAAGCAGGACGTGCTCGCCGCCCTGACCCCGCGGGAGCGCG
AGGTGCTGGGCCTGATGGCCGAGGGCAGGACCAACTCGGCGATC
GCCCGGCAGCTGGTGGTCAGCGATGGTGCGGTGGAGAAGCACGT
GAGCAACATCTTCCTGAAGCTGGGCCTCTCGCCGAGCGACGGCG
ACCACCGCCGGGTCCTCGCCGTGCTGACGTACCTCAACTCCTGA

afsQ1

Two component
system Response
Regulator from S.
albidoflavus

ATGGCGGGCGTGCCTTCCCTGTTGCTGATCGAGGACGACGACGC
CATCCGTACCGCCCTGGAGCTGTCGCTGACACGCCAGGGGCATC
GGGTGGCGACCGCTGCCACCGGCGAGGAGGGTCTGACGCTCCTG
CGCGAGCAGCGGCCGGACCTGATCGTGCTGGACGTGATGCTGCC
GGGCATCGACGGCTTCGAGGTGTGCCGGCGCATCCGCCGCACGG
ACCAGTTGCCGATCATCCTGCTGACCGCGCGCAGCGACGACATC
GACGTGGTGGTGGGGCTGGAGTCCGGCGCCGACGACTACGTGGT
CAAGCCGGTCCAGGGCCGGGTGCTGGACGCGCGTATCCGGGCCG
TGCTGCGGCGGGGCGAGCGGGAGTCGAACGACGCGGCGGTCTTC
GGGTCGCTGGTGATCGACCGGGCCGCGATGACGGTCACGAAGAA
CGGCGAGGACCTGCAACTGACCCCGACCGAGCTGCGGTTGCTCC
TGGAGCTGTCCCGCAGGCCGGGGCAGGCGCTCTCCCGGCAGCAG
TTGCTGCGGCTGGTCTGGGAGCACGACTACCTCGGTGACTCGCG
GCTGGTCGACGCCTGTGTGCAGCGGCTGCGCGCCAAGGTGGAGG
ACGTGCCGTCCTCGCCGACGCTGATCCGTACCGTGCGCGGCGTG
GGCTACCGGCTGGACGCGCCTCAGTGA

XNR3487

Two component
system Response
Regulator from S.
albidoflavus

ATGGCCGACCACACCCATGTCCTGTTCGTGGAGGACGACGACGT
GATCCGGGAGGCGACCCAGCTCGCCCTGGAGCGGGTCGGCTTCC
GGGTGACCGCCATGCCCGACGGCCTCTCGGGGCTGGAGGCGTTC
CGCGCCGACCGGCCGGACATCGCGCTGCTCGACGTGATGGTGCC
CGGCATGGACGGGGTCAGCCTCTGCCGCCGCATACGCGACGAGT
CGACCGTGCCGGTGATCATGCTCTCGGCGCGGGCCGACTCCATC
GACGTGGTCCTCGGGCTGGAGGCGGGCGCCGACGACTACGTCAC
CAAGCCGTTCGACGGCTCGGTCCTGGTCGCCCGCATCCGGGCCG
TGCTGCGCCGCTTCGGCCACGCCGCCGGGGCGCAGGGCGCCAGA
GCCGAGGAGGAGCCCTCCGGCGGGCCCGCCGAGGCCGACGGGCT
GCTCCGCTTCGGCGATCTGGAGCTGGACACCGAGGGCATGGTGG
TGCGGCGGGCCGGCAGCCCGGTCGCGCTGACGCCGACCGAGATG
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CGGCTGCTGCTGGAGTTCTCGGCCGCGCCGGGCACCGTCCTCTC
CCGCGACAAGCTGCTGGAACGCGTCTGGGACTACGGCTGGGGCG
GCGACACCCGGGTGGTCGACGTGCATGTGCAGCGGCTGCGCGCC
AAGATCGGCCAGGAGCGGATAGAGACCGTCCGCGGCTTCGGCTA
CAAACTGAGGGCCTGA

bldA

TTA codon tRNA GCCCGGATGGTGGAATGCAGACACGGCGAGCTTAAACCTCGCTG
CCCTTCACGGGCGTACCGGTTCGAGTCCGGTTCCGGGCA
from S.
albidoflavus

bldB

Pleiotropic small
protein from S.
coelicolor

ATGGCCCAGGTGCCGGACGAGGACGTCAAAGCCCGCAAGGAGCG
CGAGCGGGACGAGCTGTACGCGCTCGACATCTCGGGTGTGGAGT
GGCACAGCGCGCCGGGGACGGAGGAACACGAGGAGCGGGTGGAG
ATCGCCTATCTGCCCGACGGAGCCGTGGCCATGCGGTCGTCGCT
GGATCCGGAGACGGTGCTGCGGTACACCGAGGCGGAGTGGCGGG
CTTTCGTCCTGGGTGCGCGGGACGGGGAGTTCGACCTGGAGCCG
GCGCCGGGCGACGGGGGCGTCGTCGCCGAGTGA

frr

Ribosome
recycling factor
from S.
albidoflavus

GTGATCGAAGAGACCCTCCTCGAGGCCGAGGAGAAGATGGAAAA
GGCCGTCGTGGTCGCCAAGGAGGACTTCGCCGCGATCCGCACCG
GCCGTGCGCACCCGGCGATGTTCAACAAGATCGTGGCGGACTAC
TACGGTGCCCTCACGCCGATCAATCAGCTGGCCTCGTTCTCCGT
GCCGGAGCCGCGCATGGCCGTTGTCACGCCGTTCGACTCGAGCG
CGCTGCGCAACATCGAGCAGGCCATCCGCGACTCGGACCTCGGC
GTCAACCCGAGCAACGACGGCCGCATCATCCGCGTGTCGTTCCC
GGAGCTGACCGAGGAGCGGCGCCGCGAGTTCATCAAGGTCGCCA
AGGGCAAGGCCGAGGACTCGAAGATCTCGATCCGCGCCGTGCGC
CGCAAGGCCAAGGAGACCATCGACAAGCTCGTCAAGGACGGCGA
GGTCGGTGAGGACGAGGGCCGCCGCGGCGAGAAGGAACTCGACG
ACACCACCGCCAAGTACGTGGCTCAGGTGGACGAGCTGCTCAAG
CACAAGGAAGCCGAGCTGCTCGAAGTCTGA

IndR

GntR-like
transcriptional
regulator from S.
globisporus

GTGTCGGCAATCGAGCGGAAGGTGAAGTCCGTGGTCGTTTTCCG
CATCGACCGGCGCAGTGGGGTGGCGACCTATCTCCAGATCGTCC
GGCAGGTCGAGCAGGCGCTGCGCATGGGCGCGCTGGAGGAGGGC
GACCGACTGCCCACGGCGGCCCAGGTCGCCGCGACCACGAAGGT
CAACCCCAACACGACCCTCAAGGCCTACCGCGAGCTGGAACGCA
TGGGCCTCGCGGAGGTACGCCAGGGAGCGGGCACGTTCATCACC
CGCACCCTCGCCCAGCCCCAGTCCGGCCCCGACTCCCCGCTCCG
CACCGCCCTCACCGACTGGCTGACCCGGGCCCGCGCCGAGGGCC
TCAGGGGCCAGGACGTCACGGCGCTGTTCCACGCGGCGTTCGAG
AACGCGTACCCGGGCGAGGCGCCGGACTGA
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Supplementary Table 3.S3. List of oligonucleotides used in this study.
Name

Sequence (5’ to 3’)

JP194

GCCTAGGTAACGTGGAAGT

JP195

GTCGAGTTGATCCATGGTC

JP616

TTCTTGGCCTTGTACGTCGTCTTGA

JP_adapter

/5Phos/NNATGTACTCTGCGTTGATACCACTGCTT/3SpC3/

Sequencing library prep oligonucleotides
For amp1, four primers of varying lengths were pooled and used together.
For amp2 primers, p5 and p7 indices are indicated in bold.
Name
Sequence (5’ to 3’)
DNA_lib_amp1_
3N_F

CCTACACGACGCTCTTCCGATCTNNNCCTTGGACACCTGCAG

DNA_lib_amp1_
4N_F

CCTACACGACGCTCTTCCGATCTNNNNCCTTGGACACCTGCAG

DNA_lib_amp1_
5N_F

CCTACACGACGCTCTTCCGATCTNNNNDCCTTGGACACCTGCAG

DNA_lib_amp1_
6N_F

CCTACACGACGCTCTTCCGATCTNNNNDRCCTTGGACACCTGCAG

DNA_lib_amp1_
0N_R

GAGTTCAGACGTGTGCTCTTCCGATCTGGTACCCGGGGATCC

DNA_lib_amp1_
1N_R

GAGTTCAGACGTGTGCTCTTCCGATCTTGGTACCCGGGGATCC

DNA_lib_amp1_
2N_R

GAGTTCAGACGTGTGCTCTTCCGATCTCHGGTACCCGGGGATCC

DNA_lib_amp1_
3N_R

GAGTTCAGACGTGTGCTCTTCCGATCTAHMGGTACCCGGGGATCC

RNA_lib_amp1_
3N_F

CCTACACGACGCTCTTCCGATCTNNNCCTCCTCGCCCTTGGACAC

RNA_lib_amp1_
4N_F

CCTACACGACGCTCTTCCGATCTNNNNCCTCCTCGCCCTTGGACAC
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RNA_lib_amp1_
5N_F

CCTACACGACGCTCTTCCGATCTNNNNNCCTCCTCGCCCTTGGACAC

RNA_lib_amp1_
6N_F

CCTACACGACGCTCTTCCGATCTNNNNNNCCTCCTCGCCCTTGGACAC

RNA_lib_amp1_
0N_R

GAGTTCAGACGTGTGCTCTTCCGATCTNNNAAGCAGTGGTATCAACGCAGAGTA
CAT

RNA_lib_amp1_
1N_R

GAGTTCAGACGTGTGCTCTTCCGATCTNNNNAAGCAGTGGTATCAACGCAGAGT
ACAT

RNA_lib_amp1_
2N_R

GAGTTCAGACGTGTGCTCTTCCGATCTNNNNNAAGCAGTGGTATCAACGCAGAG
TACAT

RNA_lib_amp1_
3N_R

GAGTTCAGACGTGTGCTCTTCCGATCTNNNNNNAAGCAGTGGTATCAACGCAGA
GTACAT

p5_bc1

AATGATACGGCGACCACCGAGATCTACACCTCTCTATACACTCTTTCCCTACAC
GACGCTCTTCCGATCT

p5_bc2

AATGATACGGCGACCACCGAGATCTACACTATCCTCTACACTCTTTCCCTACAC
GACGCTCTTCCGATCT

p5_bc3

AATGATACGGCGACCACCGAGATCTACACAGAGTAGAACACTCTTTCCCTACAC
GACGCTCTTCCGATCT

p5_bc4

AATGATACGGCGACCACCGAGATCTACACGTAAGGAGACACTCTTTCCCTACAC
GACGCTCTTCCGATCT

p5_bc5

AATGATACGGCGACCACCGAGATCTACACACTGCATAACACTCTTTCCCTACAC
GACGCTCTTCCGATCT

p5_bc6

AATGATACGGCGACCACCGAGATCTACACAAGGAGTAACACTCTTTCCCTACAC
GACGCTCTTCCGATCT

p5_bc7

AATGATACGGCGACCACCGAGATCTACACCTAAGCCTACACTCTTTCCCTACAC
GACGCTCTTCCGATCT

p5_bc8

AATGATACGGCGACCACCGAGATCTACACGCGTAAGAACACTCTTTCCCTACAC
GACGCTCTTCCGATCT

p5_bc9

AATGATACGGCGACCACCGAGATCTACACTAGATCGCACACTCTTTCCCTACAC
GACGCTCTTCCGATCT

p5_bc10

AATGATACGGCGACCACCGAGATCTACACCGTCTAATACACTCTTTCCCTACAC
GACGCTCTTCCGATCT

p5_bc11

AATGATACGGCGACCACCGAGATCTACACTCTCTCCGACACTCTTTCCCTACAC
GACGCTCTTCCGATCT
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p5_bc12

AATGATACGGCGACCACCGAGATCTACACTCGACTAGACACTCTTTCCCTACAC
GACGCTCTTCCGATCT

p5_bc13

AATGATACGGCGACCACCGAGATCTACACTTCTAGCTACACTCTTTCCCTACAC
GACGCTCTTCCGATCT

p5_bc14

AATGATACGGCGACCACCGAGATCTACACCCTAGAGTACACTCTTTCCCTACAC
GACGCTCTTCCGATCT

p5_bc15

AATGATACGGCGACCACCGAGATCTACACCTATTAAGACACTCTTTCCCTACAC
GACGCTCTTCCGATCT

p5_bc16

AATGATACGGCGACCACCGAGATCTACACAAGGCTATACACTCTTTCCCTACAC
GACGCTCTTCCGATCT

p7_bc1

CAAGCAGAAGACGGCATACGAGATTAAGGCGAGTGACTGGAGTTCAGACGTGTG
CTCTTCCGATCT

p7_bc2

CAAGCAGAAGACGGCATACGAGATCGTACTAGGTGACTGGAGTTCAGACGTGTG
CTCTTCCGATCT

p7_bc3

CAAGCAGAAGACGGCATACGAGATAGGCAGAAGTGACTGGAGTTCAGACGTGTG
CTCTTCCGATCT

p7_bc4

CAAGCAGAAGACGGCATACGAGATTCCTGAGCGTGACTGGAGTTCAGACGTGTG
CTCTTCCGATCT

p7_bc5

CAAGCAGAAGACGGCATACGAGATGGACTCCTGTGACTGGAGTTCAGACGTGTG
CTCTTCCGATCT

p7_bc6

CAAGCAGAAGACGGCATACGAGATTAGGCATGGTGACTGGAGTTCAGACGTGTG
CTCTTCCGATCT

p7_bc7

CAAGCAGAAGACGGCATACGAGATCTCTCTACGTGACTGGAGTTCAGACGTGTG
CTCTTCCGATCT

p7_bc8

CAAGCAGAAGACGGCATACGAGATCAGAGAGGGTGACTGGAGTTCAGACGTGTG
CTCTTCCGATCT

p7_bc9

CAAGCAGAAGACGGCATACGAGATGCTACGCTGTGACTGGAGTTCAGACGTGTG
CTCTTCCGATCT

p7_bc10

CAAGCAGAAGACGGCATACGAGATCGAGGCTGGTGACTGGAGTTCAGACGTGTG
CTCTTCCGATCT

p7_bc11

CAAGCAGAAGACGGCATACGAGATAAGAGGCAGTGACTGGAGTTCAGACGTGTG
CTCTTCCGATCT

p7_bc12

CAAGCAGAAGACGGCATACGAGATGTAGAGGAGTGACTGGAGTTCAGACGTGTG
CTCTTCCGATCT

p7_bc13

CAAGCAGAAGACGGCATACGAGATGCTCATGAGTGACTGGAGTTCAGACGTGTG
CTCTTCCGATCT
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p7_bc14

CAAGCAGAAGACGGCATACGAGATATCTCAGGGTGACTGGAGTTCAGACGTGTG
CTCTTCCGATCT

p7_bc15

CAAGCAGAAGACGGCATACGAGATACTCGCTAGTGACTGGAGTTCAGACGTGTG
CTCTTCCGATCT

p7_bc16

CAAGCAGAAGACGGCATACGAGATGGAGCTACGTGACTGGAGTTCAGACGTGTG
CTCTTCCGATCT

p7_bc17

CAAGCAGAAGACGGCATACGAGATGCGTAGTAGTGACTGGAGTTCAGACGTGTG
CTCTTCCGATCT

p7_bc18

CAAGCAGAAGACGGCATACGAGATCGGAGCCTGTGACTGGAGTTCAGACGTGTG
CTCTTCCGATCT

p7_bc19

CAAGCAGAAGACGGCATACGAGATTACGCTGCGTGACTGGAGTTCAGACGTGTG
CTCTTCCGATCT

p7_bc20

CAAGCAGAAGACGGCATACGAGATATGCGCAGGTGACTGGAGTTCAGACGTGTG
CTCTTCCGATCT

p7_bc21

CAAGCAGAAGACGGCATACGAGATTAGCGCTCGTGACTGGAGTTCAGACGTGTG
CTCTTCCGATCT

p7_bc22

CAAGCAGAAGACGGCATACGAGATACTGAGCGGTGACTGGAGTTCAGACGTGTG
CTCTTCCGATCT

p7_bc23

CAAGCAGAAGACGGCATACGAGATCCTAAGACGTGACTGGAGTTCAGACGTGTG
CTCTTCCGATCT

p7_bc24

CAAGCAGAAGACGGCATACGAGATCGATCAGTGTGACTGGAGTTCAGACGTGTG
CTCTTCCGATCT
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Supplementary Table 3.S4. Statistical comparisons and associated p-values.
p-values associated with figure 2 panel C
Comparisons
Proteobacteria and Firmicutes
Proteobacteria and Cyanobacteria
Firmicutes and Actinobacteria
Firmicutes and Cyanobacteria
Firmicutes and Environmental samples
Actinobacteria and Cyanobacteria
Cyanobacteria and Environmental samples

p-values
3.2205-06
0.0086
4.3440e-09
0.0094
5.0536e-06
7.5079e-06
0.0141

p-values associated with supplemental figure 2 panel D
Comparisons
p-values
Proteobacteria and Firmicutes
0.0021
Firmicutes and Actinobacteria
0.00071
Firmicutes and Environmental samples
0.0052
p-values associated with figure 2 panel D
Comparisons
Other and biosynthesis
Biosynthesis and regulatory

p-values
0.0068
0.0015
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Supplementary Table 3.S5. Media, Buffers and cell free mastermix compositions.
Media
Composition
2xYT

Tryptone 16g/L, Yeast extract 10g/L, NaCl 5g/L

R5A

Sucrose 100g/L, MOPs 21g/L, MgCl26H2O 10.12g/L, Glucose
10g/L, Yeast extract 5g/L, K2SO4 0.25g/L, casamino acids, 0.1g/L,
add 2mL of trace element solution per liter of media, adjust pH to
6.85 with KOH.

Trace Element Solution

ZnCl2 40mg/L, FeCl3 6H2O 200mg/L, CuCl2 2H2O 10mg/L, MnCl2
4H2O 10mg/L, Na2B4O7 10H2O 10mg/L, (NH4)6Mo7O24 4H2O
10mg/L

Buffers

Composition

S30A

14 mM Mg-glutamate, 60 mM K-glutamate, 50 mM Tris base (pH 7.7 - titrate with
acetic acid) + supplement 1 M DTT to make 2 mM DTT concentration before use

S30B

14 mM Mg-glutamate, 60 mM K-glutamate, 5 mM Tris base (pH 8.2 - titrate with 2
M Tris base solution) + supplement 1 M DTT sol to make 1 mM DTT concentration
before use

Cell free components

Composition

Amino acid mix

RTS Amino Acid Sampler kit (6 mM of each amino acid, except
leucine which is 5 mM)

Energy Buffer

700 mM HEPES (pH 8), 21 mM ATP, 21 mM GTP, 12.6 mM CTP,
12.6 mM UTP, 2.8 mg/mL tRNA, 3.64 mM CoA, 4.62 mM NAD,
10.5 mM cAMP, 0.95 mM Folinic acid, 14 mM Spermidine + 420
mM 3-PGA

Cell Free reaction

Stock concentration

Final concentration

Volume

S. albidoflavus lysate

NA

NA

9.5uL

Mg-Glutamate

500mM

9mM

0.51uL

K-Glutamate

5M

150mM

0.85uL

Amino Acid mix

6mM each*

1.5mM each

7.13uL

Energy Buffer

14x

1x

2.04uL
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PEG-8000

40%

2%

1.43uL

Water

NA

NA

0.08uL

*Except for Leucine which is 5mM
This reaction setup yields enough assembled mastermix to carry out 2 reactions. Use 7.5uL of
assembled reaction mix to assemble 10uL reactions by adding plasmid library for multiplexed
transcriptional measurements or broccoli plasmid and DHFBI-1T for broccoli expression.
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Highlights:
-

Gene regulatory networks are composed of interacting cis-regulatory elements and transregulatory proteins that can be altered or rewired to generate phenotypic diversity.

-

High-throughput DNA synthesis and sequencing platforms enable systematic interrogation
of sequence-function landscape of regulatory elements and proteins and large-scale
network rewiring through combinatorial libraries.

-

Fundamental principles of network architecture and dynamics yield better predictive
models and design principles for building new synthetic regulatory networks to control and
alter cellular phenotypes.
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ABSTRACT
Microbial gene regulatory networks are composed of cis- and trans- components that in
concert act to control essential and adaptive cellular functions. Regulatory components and
interactions evolve to adopt new configurations through mutations and network rewiring events,
resulting in novel phenotypes that may benefit the cell. Advances in high-throughput DNA
synthesis and sequencing have enabled the development of new tools and approaches to better
characterize and perturb various elements of regulatory networks. Here, we highlight key recent
approaches to systematically dissect the sequence space of cis-regulatory elements and transregulators as well as their inter-connections. These efforts yield fundamental insights into the
architecture, robustness, and dynamics of gene regulation and provide models and design
principles for building synthetic regulatory networks for a variety of practical applications.
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INTRODUCTION
Microbes rely on precise regulation of gene expression for a myriad of essential processes
during growth and adaptation in changing environments. These patterns of gene expression are
generated through coordinated interactions between cis-regulatory DNA elements and transregulatory proteins [1]. Cis-regulatory elements are stretches along the genome where regulatory
modulation can occur during transcription and translation, often found in upstream and
downstream untranslated regions (UTRs) flanking coding DNA sequences (CDS). These UTR
regions, such as promoters, repressor binding sites, ribosome binding sites (RBSs), and terminators,
contain specific sequences (i.e. single or multipartite sequence motifs) that precisely recruit their
corresponding trans-regulatory proteins (e.g. transcription factors, sigma factors) to positively or
negatively adjust the expression of associated genes [2]. Each regulatory element and its protein
regulators form a regulatory unit that when coupled to other regulatory units make up network
motifs, such as feedforward or feedback loops, to facilitate various regulatory functions including
signal detection, amplification, propagation, and processing [3]. The constellations of all
regulatory units form the global gene regulatory network of the cell, which exhibits a “scale-free”
hierarchy with a power-law distribution of regulatory connections [4,5]. Gene regulatory networks
possess many features that appear to be conserved across diverse domains of life, ranging from
biophysical properties of regulatory factors to global network architectures [6].
While gene regulatory networks must maintain robust performance on a cellular timescale,
they are also highly adaptable on an evolutionary timescale [7–9]. The rewiring of regulatory
networks through addition or subtraction of connections can produce a variety of adaptive and
novel phenotypes [10,11]. Mechanistically, most rewiring events occur either through mutations
in a cis-element that alter its binding specificity for a trans-regulatory protein or through a
duplicated regulatory protein that subsequently diverges to acquire new network connections and
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functions [2,12]. Horizontal transfer of regulatory sequences between related species has recently
been implicated to also play an important role in regulatory rewiring, suggesting that sharing of
regulatory network architectures and motifs may lead to evolutionary advantages during lateral
gene transfer events [13].
Even though thousands of sequenced microbial genomes have enabled comparative
analysis of regulatory sequences and proteins [14], methods to predict gene expression, network
architecture, and regulatory dynamics still remain challenging. Nonetheless, in vitro approaches
have made key advances towards unraveling essential components of gene regulation. For example,
protein binding microarrays have been used to determine the sequence specificities of regulatory
proteins [15–17]. Systematic evolution of ligands by exponential enrichment (SELEX) is a
foundational method for understanding and modeling protein-DNA interactions [18]. Pairing such
approaches with high-throughput sequencing have improved the measurement of regulatory
protein affinity to defined DNA targets [19]. A gamut of computational tools (e.g. MEME [20],
Bioprospector [21], FIRE [22]) have been developed to extract and identify many new regulatory
elements and sequence motifs [23].
The dawning of low-cost genomic technologies has accelerated the systematic
characterization of regulatory elements at a larger scale. Advances in high-throughput DNA
synthesis, when combined with deep sequencing and cellular phenotyping, offer important new
opportunities to bridge key knowledge gaps by enabling systematic and quantitative dissection of
complex regulatory interactions between thousands of cis-regulatory elements and transregulatory proteins simultaneously [24,25]. Here, we discuss and highlight recent studies that
leverage these new synthetic and systems approaches to analyze microbial regulatory networks to
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de-convolute the biological complexity that allows even the simplest microbe to exhibit
sophisticated, robust, and yet adaptable phenotypes.

Systematic exploration of the sequence-function space of cis-regulatory elements
Since microbial cis-regulatory elements contain only short sequence motifs that modulate
gene expression [2], they are often difficult to annotate directly from genomes and to predict their
regulatory function [14]. Furthermore, cis-elements exhibit high sequence divergence as well as
altered activity in different genomic and local context that make computational analyses
challenging. While transcriptomic studies can help to better identify and delineate regulatory units
in individual strains [26], such approaches are laborious to scale across many species and are
confined to only sequences already present in the genome, which leaves the regulatory plasticity
of a strain poorly characterized. Recent advances in oligonucleotide library synthesis (OLS) on
DNA microarrays [27] have enabled an unprecedented degree of control in regulatory sequences
synthesized and a larger scale of experiments performed and quantitative data generated. In these
OLS-based approaches, regulatory sequences are mined from genomes or designed in silico,
synthesized on made-to-order DNA microarrays, fused to reporter genes, and measured through
pooled in vitro or in vivo assays via next-generation sequencing (NGS) and high-throughput
cellular phenotyping (Figure 1a). A variety of OLS-based improvements and variations have been
developed over the past several years. Barcoding is a popular strategy to efficiently link the
designed sequence with a unique molecular tag that can be easily matched by NGS [28]. To
overcome length limitations on oligo synthesis, approaches using pairwise multiplex assembly of
oligonucleotides have been employed [29]. Library uniformity (i.e. abundance of individual
members), errors that propagate through assays (e.g. DNA synthesis, cloning, or sequencing), and
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other technical challenges have been addressed to improve the performance of the overall approach
and robustness of the results [30–32].
To understand the impact of individual mutations on cis-regulatory element function, a
pioneering study by Patwardhan et al. used OLS-based methods to systematically explore the
sequence-activity of T3, T7, and SP6 bacteriophage promoters by generating and testing a
saturation mutagenesis library of 12,000 variants, including some with multiple base-pair
mutations [28]. Following a pooled in vitro bacterial transcription reaction, the activity of each
variant’s DNA and RNA abundance was determined by DNA- and RNA-seq. The high-throughput
dataset delineated core regulatory regions or “footprints” of each promoter that are functionally
important for transcription, which when mutated resulted in reduced expression. Furthermore,
variants containing two distinct mutations often exhibited positive or negative epistasis (~30% of
cases), which highlighted the nonlinear interacting determinants of gene expression. To better
functionally annotate sequence motifs in the yeast genome, Sharon et al utilized a similar OLSbased scanning mutagenesis library to generate and characterize the activity of native and mutant
UTRs [24]. In a live-cell reporter assay using fluorescence-assisted cell sorting and sequencing
(FACS-seq), which relies on sorting library members into defined bins based on the expression
levels of a reporter and sequencing each bin to quantitatively determine the expression level of
each variant, the authors detected changes in the protein expression level from UTR variants when
specific cis-elements were disrupted. The study highlighted that altering key regulatory element
parameters such as multiplicity, orientation, and context can significantly affect gene expression.
This OLS-based approach significantly extended beyond previous studies [33] that relied on
limited random assemblies of regulatory element fragments to access more complex and defined
sequences with single-nucleotide precision.
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The activity of cis-regulatory elements can often exhibit context-dependency that
necessitates systematic characterizations to unravel their layered complexity. Kosuri et al
attempted to determine the composability and performance of known bacterial cis-elements in
synthetic circuits, specifically the degree to which their activity is conserved in different sequence
contexts. By generating a combinatorial library of 114 promoters and 111 RBSs and placing them
upstream of a fluorescence reporter, the authors could quantify transcription and translation
activity levels using RNA-seq, DNA-seq, and FACS-seq. The results revealed frequent contextdependency in these regulatory elements at both transcription and translation levels depending on
the combination of promoter and RBS pairing [30]. Furthermore, a significant cross-interaction
between transcription and translation was observed: high levels of translation initiation from strong
RBSs extended mRNA half-life, while strong secondary structures in the 5’ UTR of mRNA
transcripts lowered the translation efficiency. In a complementary set of studies, Mutalik et al
explored ways to better delineate regulatory architectures and to minimize context-dependencies
of gene expression [31,32]. Using the experimental data from characterized regulatory libraries,
the authors developed a bi-cistronic regulatory architecture that functionally decoupled two ciselements to minimize context-dependent variations that arise from irregular 5’ UTR and CDS
junctions. Mechanistically, the translation of upstream CDS disrupts the mRNA secondary
structure at the bi-cistronic junction, enabling translation efficiency of the downstream CDS to be
dynamically and independently modulated by another RBS. By eliminating this large source of
deviation in gene expression, the studies reported experimentally measured expression levels that
matched the predicted values at a success rate of 93%, which is a 87% reduction in mispredicting
gene expression in comparison to previous state-of-art in the field [34].
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Beyond 5’ UTR elements, 3’ UTRs encoding transcriptional terminators have been also
been studied through OLS-based approaches [35]. Chen et al systematically mapped the sequenceactivity relationship of 582 natural and synthetic bacterial transcriptional terminators in E. coli.
From the data, the authors developed a biophysical model that incorporated U-/A- tract length,
hairpin loop, and stem base sequence information to predict the termination efficiency of a given
terminator. These emerging approaches further highlight opportunities to systematically dissect
detailed cis-regulatory function via de novo DNA synthesis and large-scale functional
interrogation.

Network modulation with natural and synthetic trans-regulatory factors
Recent advances in high-throughput genomics have enable large-scale dissection of transregulatory modulators of gene expression. Trans-regulatory proteins control gene expression by
recognizing and binding to one or more corresponding cis-elements and can be generally divided
into two groups: densely connected global regulators that control hundreds of genes (e.g. primary
sigma factor), and sparsely connected regulators that control defined regulons (e.g. extracellular
function or ECF sigma factors). While regulators can often be annotated by homology-based
analyses [2], accurate prediction of their target cis-regulatory elements remain challenging.
Furthermore, it is difficult to a priori model how changes to regulatory connections alter the
transcriptome and affect cellular phenotype. To better delineate regulatory networks through
modulation of trans-acting regulatory factors, various approaches including regulator mutagenesis,
domain-shuffling, and heterologous expression have been explored to establish new regulatory
connections by generating alterative trans-regulator to cis-elements assignments (Figure 1b).
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Duplication and subsequent functional divergence of regulators play a key role in
regulatory network evolution as it minimizes pleotropic effects by enabling one paralog to diverge
while maintaining the other’s native function [36]. To better mechanistically delineate the
evolutionary path of diverging regulatory factors and its associated impact on regulatory networks,
studies have employed random or saturation mutagenesis of regulatory proteins themselves. For
example, mutations in the DNA-binding domain (DBD) of regulatory protein may alter its binding
strength or specificity to cis-regulatory elements, which can lead to alternative or new network
connections [2]. Global transcription machinery engineering (gTME) is an approach that utilizes
random mutagenesis to generate regulatory protein variants that can yield novel phenotypes [37].
By screening through a library of E. coli primary sigma factor RpoD, the approach can isolate
mutants with altered phenotypes including higher ethanol and SDS tolerance and increased
lycopene production. Transcriptomic analysis of these RpoD variants revealed global changes in
transcript levels, including altered expression of multiple genes often associated with stress
response (e.g. outer membrane proteins). This approach has been further applied to other microbes,
leading to new traits through regulatory network rewiring [38,39]. Additionally, recent advances
in directed and saturation mutagenesis methods (e.g. MAGE-seq [40], CREATE [41], and PALS
[42]) that leverage high-throughput DNA sequencing and synthesis provide opportunities to more
comprehensively assess and precisely engineer the functionalization of new regulatory
connections through trans-regulatory protein mutations.
Beyond interrogating single mutations in regulatory proteins, entire domains can be
reshuffled and swapped. By comparative analysis, most regulatory proteins and their orthologs
appear to organize into defined protein domains that are highly modular, which is perhaps an
important evolutionary feature underlying its adaptability. For example, bacterial sigma factors
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generally encode two distinct DBDs that bind to either -35 or -10 motifs. Through comparative
analysis of upstream cis-elements of extracellular function (ECF) sigma factors, Rhodius et al
identified the binding motifs for different ECF sigma factor groups [43]. The authors then
generated chimeric sigma factors by combining different -35 and -10 DBDs from these different
groups, which remapped sigma factors to new binding motifs. These new regulatory proteins
exhibited orthogonal activation of other cis-elements and generated regulatory patterns that are
otherwise unavailable to the native network. This type of approach provides an important
foundation for future engineering and rewiring of native and synthetic regulatory systems.
In nature, genetic materials are often exchanged between bacteria to facilitate rapid
adaptation. However, appropriate trans-factors need to exist in the recipient cell to modulate the
expression of these horizontally acquired DNA and to generate novel phenotypes. This process of
network rewiring through lateral DNA exchange can be recapitulated in the laboratory, for instance,
by cloning a heterologous bacterial sigma factor downstream of a non-native (e.g. constitutive or
inducible) promoter on a plasmid that is then transformed into a cell [44,45]. When the primary
Pseudomonas putida sigma factor RpoD is over-expressed in E. coli alongside a genomic library
of P. putida, certain E. coli variants showed a significant increase in tolerance to pinene, a jet fuel
precursor, for which P. putida possesses natural tolerance [44]. This suggests that transfer of sigma
factors from one organism to another may play a role in regulatory adaptation through horizontal
transfer. Similarly, when the Lactobacillus plantarum sigma factor was introduced to E. coli, its
transcription machinery could express genes from a diverse set of metagenomic sources that would
otherwise remain inactive in the E. coli host [45]. Thus, lateral acquisition of trans-regulators could
rewire a regulatory network to an alternatively evolved architecture where multiple transcriptional
units are re-tuned to yield phenotypes that are found in another organism. While expression of
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foreign sigma factors may result in broad transcriptomic changes, expression of more specific
regulatory factors such as ECFs could modulate only a sub-set of the regulatory network. For
instance, the overexpression of a putative pathway-specific ATP-binding regulator of the LuxR
family (LAL) protein in Streptomyces ambofaciens triggered the activation of an otherwise silent
biosynthetic gene cluster (BGC) from which novel macrolides are produced [46]. These results
highlight that heterologous expression of regulatory proteins is a powerful approach to study the
natural evolution and rewiring of regulatory networks and to generate potentially new phenotypes
through a set of simple genetic perturbations.

Rewiring connections between cis-elements and trans-factors across regulatory networks
Cis-elements and trans-regulatory factors work in concert to regulate gene expression
across a regulatory network. A key question is how changes in the regulatory connections translate
into cellular phenotypes. One approach is to generate libraries of novel cis-element and transregulator combinations to mimic network rewiring events, thereby integrating various aspects of
regulatory evolution such as cis-element mutations, trans-factor divergence, and horizontal
transfer together into a single experimental framework (Figure 1c) [47,48]. In a recent study, two
Salmonella enterica global regulators, H-NS and StpA, were rewired to take on one another’s
regulatory input logic by swapping the location of their CDSs [49]. This caused not only altered
dynamic expression of the target genes of the two regulators but also another regulator, the
stationary phase sigma factor RpoS, and all its regulated genes. Furthermore, the altered
transcriptome yielded phenotypic differences such that the rewired strain could outcompete the
wild type strain at 37 °C growth but not at 25 °C. This study illustrates how a relatively simple
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rewiring of two global regulators can significantly alter the transcriptome and confer a distinct
phenotype.
A key question in understanding regulatory network architecture and evolution is to
delineate its robustness to network rewiring. While changes in protein sequences may be easily
predicted and their consequences in the cell directly measurable, the effects of regulatory rewiring
on the transcriptome and the cellular phenotype may be more difficult to unravel. Past studies
explored the robustness of regulatory networks by overexpressing or deleting individual regulatory
genes [50]. More recently, Isalan et al generated a library of E. coli cis-elements and transregulators that re-assigned or added new regulatory connections between regulators [47]. The
study tested 600 different network alterations and found that 95% of the new architectures yielded
viable cells with 85% having little or no growth defects. This result was especially interesting as
many of the regulators were global regulatory proteins (e.g. sigma factors) that controlled hundreds
of genes. Some rewired variants exhibited higher fitness than wild type in different selective
conditions including heat shock, nutrient starvation, and extended serial passaging, highlighting
that many single rewiring events can yield directly beneficial phenotypes.
To further understand the underlying mechanism of the observed cellular adaptations,
transcriptomes of 100 selected rewired variants were analyzed and clustered into one of 20 unique
profiles, each representing a discrete cellular state [48]. The largest cluster of 25 unique rewired
variants were associated with changes in expression of the ribosomal machinery, with ~125
upregulated ribosomal, ATP synthase, and tRNA genes. Interestingly, five different rewired
regulators with different cis-elements yielded the same transcriptome profile. These variants
affected the same set of master regulators including OmpC, none of which were directly rewired
in the study. Similar results were seen for rewired variants that elicited changes in gene expression
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of flagellar genes driven by the master regulator FilA. Overexpression of OmpC and FilA
recapitulated the altered transcriptomes directly, suggesting that rewired networks are tapping into
various sets of pre-conditioned biological responses. These synthetic regulatory rewiring
approaches provide opportunities to further generate fundamental insights into how regulatory
networks produce novel adaptive responses via defined and tractable evolutionary paths.

OUTLOOK
Next generation sequencing technologies have enabled an unprecedented capacity to
determine and compare genomic sequences to better discover, annotate, and dissect regulatory
function. In parallel, high-throughput DNA synthesis has facilitated the systematic exploration and
analysis of regulatory cis-elements, trans-factors, and their interaction networks. While
metagenomic sequencing efforts have generated a significant amount of raw data, better analysis
approaches are still needed to assign function to these sequences and to understand the regulatory
architecture governing gene expression in individual cells and across whole communities [51,52].
Furthermore, whole-cell models are needed to integrate these complex cellular process with
dynamic regulatory programs [53]. More experimental tools leveraging advances in genome
engineering, editing, and regulatory control can provide better platforms to rewire and perturb
network components and interactions. Emerging CRISPR-mediated gene activation and repression
systems could more precisely modulate gene expression in a highly programmable and
multiplexed fashion [54]. As large-scale gene and pathway synthesis improves, synthetic
regulatory circuits can take on more sophistication, moving beyond simple architectures such as
the repressilator [55] towards bigger and more complex designs [56]. These synthetic circuits can
be used to better test many features of natural regulatory networks including adaptability,
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scalability, and robustness to improve our understanding and design of regulatory networks [57,58].
Useful synthetic networks could be implemented in organisms with significant bio-industrial
relevance or even in more complex mammalian systems. Ultimately, altering regulatory networks
through high-throughput systematic and synthetic approaches constitute a new set of powerful
approaches to understand fundamental principles of regulatory structure and evolution and hold
great promise to rapidly generate organisms with new phenotypes.
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Figure 4.1. Approaches to systematically dissect regulatory network architectures and
processes. (a) Systematic analysis of cis-regulatory elements can be performed through in silico
library design, in vitro DNA synthesis, and in vivo characterization by various methods including
DNA-seq, RNA-seq, and FACS-seq. Detailed analyses of high-throughput datasets yield new
regulatory motifs and transcriptomic information (b) Modulating gene expression by altering
trans-regulator capacities via deep mutagenesis, domain swapping, and heterologous expression.
Mutagenesis of native regulators yields variants with altered cis-element specificity and strength.
Domain swapping generates chimeric regulators with altered binding profiles to native
regulators. Heterologous expression of foreign regulators can activate cis-elements that are not
normal targets of native regulators. (c) Rewiring regulatory networks through combinatorial
libraries that alternatively assign cis-elements and trans-regulators with new connections to
explore new network architectures. Two regulatory networks are shown, wild type (WT) and
rewired network (RN). In the rewired network, global regulators (R1-R3) are assigned to
different target genes (dashed lines) compared to their wild-type targets (solid lines). Various
characterization tools for phenotyping or network analysis can be utilized to assess network
architecture, dynamics, and performance.
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Appendix 1:
RNA Structural Determinants of Optimal Codons Revealed by MAGE-Seq
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Appendix 2:
Multiplex transcriptional characterizations across diverse bacterial species using cell‐free
systems
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Appendix 3:
Molecular function limits divergent protein evolution on planetary timescales
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