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ABSTRACT OF THE DISSERTATION
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by
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University of California, Los Angeles, 2020
Professor Sriram Kosuri, Chair
Despite decades of intense genetic, biochemical, and evolutionary characterizations of
promoters in Escherichia coli, we still lack the basic ability to identify which genomic
sequences represent promoters as well as the transcriptional activity of these
sequences. Furthermore, roughly two-thirds of the 2,565 reported E. coli operons do not
contain any transcription factor binding site annotations, highlighting our lack of
understanding the regulation of these essential genetic components. In my thesis work,
I sought to fill this lack of understanding by 1) Identifying promoters in the E. coli genome,
2) Discovering the regulatory elements within these promoters that encode their activity,
and 3) Characterizing the combinatorial interactions between promoter regulatory
elements to learn how they cooperatively determine expression.
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During the early stages of my graduate work I developed a genomically-encoded
massively parallel reporter assay to measure promoter activity of hundreds of thousands
of DNA sequences simultaneously in E. coli. In Chapter 3 we used this technology to
perform the first full characterization of autonomous promoter activity in E. coli,
measuring promoter activity of >300,000 sequences spanning the entire genome and
precisely mapping 2,859 promoters active in rich media. After identifying promoters in E.
coli, we sought to deconstruct these sequences to learn how they encoded promoter
regulation. We performed a scanning mutagenesis of these discovered promoters and
identified the sequence motifs and elements within these regions, providing insights into
the regulation of 1,158 E. coli operons. Overall, we generated a genome-wide atlas of
promoters in E. coli as well as a rich dataset for future computational modeling projects
to dissect the relationship between DNA sequence and promoter function.
Concurrent with our work to identify promoters and their regulatory sequence elements,
we also sought to learn how combinations of these regulatory sequences cooperatively
determine expression. Basic promoters are composites of multiple discrete sequence
elements recognized by RNA polymerase (RNAP). While it is known that the overall
affinity of RNAP to these elements determines the strength of the promoter it has been
unclear how combinations of these motifs collectively determine promoter activity. To
explore this, in Chapter 4 we measured the activity of over 10,000 synthetic promoters
composed of different combinations of RNAP binding sites that spanned a range of
affinities. We learned that synergistic and other non-linear interactions between RNAP
binding sites are responsible for a significant proportion of variance in promoter activity
iii

and by capturing these interactions in a statistical model, we can predict the activity of
promoters with over 95% accuracy. Furthermore, we discovered the novel phenomenon
that promoters composed of the strongest sequence elements function poorer than
expected, as their overpowering binding affinities prevent RNAP from escaping to
perform transcription. In Chapter 5, we expand on this analysis to study combinatorial
interactions in the context of repression by LacI. By studying 8,269 lacUV5 promoter
variants composed of different combinations of RNAP and LacI repressor sites, we are
able to study the interactions between these sites in a variety of binding site
arrangements. This work revealed the principle relationships between RNAP and
repressors as well as provided insight in how to tune repressor binding site affinities in
order to maximize inducibility of promoters for synthetic biology applications.
These projects have greatly expanded what is known about the native E. coli promoter
landscape, revealed insights on how promoter organization influences their roles, and
deconstructed the interactions between sequence elements that compose promoters. In
addition to the knowledge of E. coli promoter regulation, the technologies and
methodologies we developed in this work can be used to characterize virtually any
genetically tractable bacteria.
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Chapter 1

Introduction

Learning how promoter regulation is encoded in genomes

1

A. Sequencing Surplus in the Genomic Era

We live in a new era of science where DNA, the instructions to all life (and ‘unliving’ life),
can be routinely read and made accessible for our interpretation, dissection, and
application(Gilbert & Dupont, 2011; Temperton & Giovannoni, 2012; Tyson et al., 2004;
Venter et al., 2004; Zhan et al., 2016). DNA sequencing has rapidly emerged as a standard
component of the biologist’s toolkit and is often the first step taken in understanding
newly discovered organisms and phenotypes of interest. As a result, the amount of
sequencing data available to scientists has exploded in recent years. As of December
2019, 1,127,023,870 whole-genome sequences have been submitted to GenBank
(https://www.ncbi.nlm.nih.gov/genbank/statistics/), an online database for sequencing
data, and this number will grow as sequencing technologies continue evolve(Goodwin et
al., 2016). Yet, ironically, when faced with this incredible wealth of information we realize
our staggering ignorance about the function of newly identified genomic sequences. Even
after using computational tools to annotate genomes using sequence-homology
approaches, about a third of all newly discovered bacterial genes bear no similarity to
already characterized proteins(Chang et al., 2016; Price et al., 2018). As this space of
unknown, uninterpretable sequences continues to grow, we require new approaches to
understand this fundamental component of biology; how DNA sequences encode
function.

B. Progress to be made in decoding genomes
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At the surface level, a genome is a seemingly random string of letters composed of A C
G and T that miraculously encode the instructions for an organism. Digging deeper into
these sequences, we find that there are distinct regions (genes) in the genome encoding
functions as well as other regulatory regions necessary to control the activity of those
functions. Classical ‘forward’ and ‘reverse’ genetic approaches have enabled researchers
to pinpoint these specific genetic functions within genomes(Egan et al., 2015; Nairz et al.,
2004; O’Toole & Kolter, 1998). Using modern implementations of the traditional
transposon insertion screening approach, reverse genetic screens can be performed on
whole bacterial genomes at a time, allowing for the rapid determination of gene
functions(Price et al., 2018; Veeranagouda & Didier, 2017; Wetmore et al., 2015).
However, we lack similar genome-scale approaches to dissect the regulation of these
genes. Understanding the regulation of genes can help place these functions within their
appropriate context, which is paramount to understanding how they contribute to the
behavior and plasticity of cells.

C. Promoter Recognition by RNA Polymerase

In bacteria, it is now well known that promoters are the primary determinants of genetic
regulation and encode gene-specific responses through myriad combinations of
transcription factor binding motifs(Cases & de Lorenzo, 2005). Promoters were first
identified by François Jacob and Jacque Monod(Jacob & Monod, 1961) when it was
discovered that a controlling element existed upstream of genes and was regulating their
activity. Later studies found within these controlling regions existed discrete sequences
3

recognized by transcription factors and the RNA polymerase (RNAP) that encoded the
activity of the promoter. Most famous of these were the Pribnow Box(Pribnow, 1975) (or
Pribnow-Schaller box(Schaller et al., 1975)), now generally referred to as the -10 element
as well as the -35 element. These six nucleotide sequences recognized by the RNAP σ
subunit are named by their position relative to the transcription start site (TSS). Additional
RNAP contacts exist, including the extended -10 (5’ TGN 3’) immediately upstream of the
-10 element that improves contact with the σ subunit, an AT-rich UP element that contacts
the α subunit(Estrem et al., 1998; Hawley & McClure, 1983; Rhodius et al., 2012), and a
recently discovered region within the spacer that interacts with an evolutionarily
conserved structure within the β’ zipper(Yuzenkova et al., 2011). Promoters can be made
up of any combination of these sites and the strength of promoters is primarily dependent
on the affinity of RNAP to the combination of these sites(Einav & Phillips, 2019; HookBarnard & Hinton, 2007).

Figure 1) Promoter Binding sites for RNAP and Transcription Factors. Promoters
contain multiple binding sites that are each recognized by different components of the
RNAP holoenzyme. Similarly, they may encode any number of transcriptional activators
or repressor binding sites to further modulate their activity and levels of regulation.
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Alternative σ-factors diversify RNAP binding sites

Transcriptionally-active RNAP is a holoenzyme composed of multiple protein subunits:
two α subunits, β’, β, ω, and σ-factor(Murakami & Darst, 2003). The σ subunit is
responsible for promoter recognition and melting of the DNA helix for transcriptional
initiation(Siegele et al., 1988; Travers & Burgessrr, 1969; Waldburger et al., 1990). This
subunit is modular, and it has been found that the E. coli genome contains seven σ-factors
that vary in the promoter sequences they recognize and the conditions they are active
in(Cho et al., 2014; Gruber & Gross, 2003). σ70, known as the housekeeping σ-factor, is
the most prolific and responsible for a majority of transcription during stationary
phase(Gruber & Gross, 2003). In other conditions, other σ-factors become active, each
capable of targeting specific subsets of genes to enact rapid cellular responses(Alba &
Gross, 2004; Arsène et al., 2000; Hengge-Aronis, 2002). Promoters may contain binding
sites for multiple σ-factors, further modulating their expression patterns under variable
conditions.

D. Transcriptional Activator and Repressors

In addition to contacts by RNAP, promoters encode DNA motifs which are recognized by
proteins known as transcriptional factors. Generally falling under the category of
‘activators’ and ‘repressors’, they are aptly named for the effect they have on the activity
of bound promoters. In addition to their ability to increase or decreasing expression they

5

are often under dynamic regulation themselves, allowing for cells to tune their
transcriptional responses to environmental stimuli.

Transcriptional

activators

enhance

promoter

activity

through

a

variety

of

mechanisms(Browning & Busby, 2004, 2016; Cases & de Lorenzo, 2005; Lee et al., 2012).
The most recognized mechanisms for transcriptional activation are known as ‘Class I’
and ‘Class II’. In Class I activation, activators bind upstream of the -35 element and anchor
the RNAP to the promoter through physical contacts with the αCTD of the flexible RNAP
α subunit. Class II activators function similarly, where by binding a site adjacent to or
overlapping the -35 region, they make direct physical contacts with the RNAP σ
subunit(Dove et al., 2003; Nickels et al., 2002). In some cases, binding of activators to
DNA induces a conformational change which promotes binding of RNAP(Brown et al.,
2003; Sheridan et al., 1998). This is especially important when the spacing between -10
and -35 elements (preferred is(Swint-Kruse & Matthews, 2009)171 bp) is non-optimal, and
thus requires mechanical force to reposition these sequences so that RNAP may bind.

Similarly, there are several mechanisms by which repressor transcription factors may
inhibit transcription(Browning & Busby, 2004, 2016; Rojo, 1999). A common and wellknown mechanism of repression is by steric hindrance, where repressors will bind sites
near or overlapping the RNAP binding site or, occluding RNAP from the
promoter(Bertrand-Burggraf et al., 1987; Ptashne et al., 1980). Furthermore, a more
interesting execution of steric occlusion exists where repressors will bind to tandem
repressor binding sites and engage in a protein-protein binding interactions, bringing the
6

DNA molecule together to form a loop(Bond et al., 2010; Cournac & Plumbridge, 2013;
Geanacopoulos & Adhya, 2002; Swint-Kruse & Matthews, 2009). Lastly, repressors may
interact with promoter-bound activators and turn positive interactions with the RNAP into
negative interactions(Shin et al., 2001).

E. Modulators of transcription factor effects

Binding affinity
There is greater complexity to promoter activity than simply identifying the binding sites
composing a promoter. To enable their sequence-specificity, most transcription factors
have a preferred sequence which they may recognize and bind to. These preferred
sequences are usually found by aligning all known or experimentally determined binding
sequences of a transcription factor and computing an average or ‘consensus’ sequence,
which is often represented as a sequence logo or position-weight matrix(Furey, 2012;
Jayaram et al., 2016; Jolma et al., 2010). However, there is often flexibility in these
sequences, as transcription factors can still recognize sequences that differ from their
canonical binding site by several base pairs(Rastogi et al., 2018). In general, the closer a
binding site is to the canonical sequence, the greater the affinity of the transcription
factor to that site and the greater the effect of the transcription factor on the
promoter(Barnes et al., 2019; Le et al., 2018). That is, stronger repressor sites will yield
stronger repression and stronger activators will yield stronger activation.

Transcription factor positioning relative to RNAP binding
7

The effect of a transcription factor binding site on a promoter will also be affected by the
position of the binding site relative to the RNAP binding sites. This has been most often
investigated in the context of DNA-looping mediated repression, where it has been shown
that the formation of these loops requires transcription factor binding sites to be
positioned such that their proteins bind along the same face of the rotating DNAhelix(Bond et al., 2010; Brunwasser-Meirom et al., 2016; Han et al., 2009; Johnson et al.,
2012). However, there is evidence even at even individual sites will have variable effects
depending on their placement in the promoter(Bond et al., 2010).

F. From Identifying Motifs to Predicting Expression

A quantitative understanding of how transcription factor and RNAP motifs influence
promoter expression could allow us to accurately predict the genetic response of
organisms to dynamic conditions. However, this will require us to better understand
where binding sites are in promoters and how arbitrary arrangements of binding sites,
with variable sequence content, collectively determine expression.

Identifying binding sites within a genome is difficult due to the variety and degenerate
nature of RNAP and TF binding sites (Djordjevic et al., 2003; Weirauch et al., 2013). In E.
coli, there have been a multitude of studies to dissect motifs encoding regulation of
promoters, yielding quantitative models for promoter regulation(Belliveau et al., 2018;
Kinney et al., 2010). While these studies have provided incredible insights to how
8

regulation is encoded within promoters, they are limited to individual promoters in a
single experiment. Recent iterations of this method exist, where up to 100 promoters at
a time can be dissected in great detail(Ireland et al., 2020), however, these methods may
not be sufficient in light of the the seemingly thousands of promoters utilized by E.
coli(Gama-Castro et al., 2016; Salgado et al., 2013; Yan et al., 2018). Approaches using
ChiP-seq(Bonocora et al., 2015; Peano et al., 2015), ChIP-chip(Cho et al., 2014), and
genomic SELEX(Kojima et al., 2016; Shimada et al., 2018) have provided genome-wide
annotations for transcription factor binding sites in E. coli, yet these findings do not
inform us of the quantitative impact of these binding events on promoter regulation.
Furthermore, despite these herculean efforts approximately two-thirds of all reported E.
coli promoters still lack any reported annotations on RegulonDB(Gama-Castro et al.,
2016), the premier source for E. coli regulatory information(Belliveau et al., 2018). Thus,
it is crucial to develop scalable methods to identify motifs and quantitatively characterize
their effects across the thousands of promoters within the E. coli genome.
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Chapter 2

Methodology

Leveraging DNA Synthesis and Sequencing to Rapidly Interrogate
Promoter Sequences
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In this thesis, I implement a ‘systems biology’ approach to dissect sequence-function
relationships in E. coli promoters. The systems biology methodology is based on an iterable
process of design, build, test, and learn(Gill et al., 2016; Ideker et al., 2001; Kitano, 2002).
Generally, to study a class of sequences, large numbers of designed variants are built and
characterized using reporter assays. It is then up to researchers to draw connections between
specific features of variants and the resulting function or identify trends across datasets.
Newfound knowledge or discoveries may fuel further iterations of this process with altered
variant designs to interrogate specific features of interest. This mantric process has been
utilized for a variety of biological problems, including learning how to build metabolic
pathways(Carbonell et al., 2018; Opgenorth et al., 2019), design genetic circuits(Xiang et al.,
2018), and deconstruct gene regulatory networks(Long et al., 2008) yet has just entered a
coming of age period in light of recent advances in synthetic biology.

A. Oligonucleotide array synthesis

Even in its comparatively humble origins, DNA synthesis techniques have served as powerful
tools to probe sequence-function relationships(H. G. Khorana et al., 1966; H. Gobind Khorana &
Gobind Khorana, 1959). Although historically, these techniques have been limited in the length of
sequences they can achieve as well as the cost to generate these sequences(Kosuri & Church,
2014), the advent of DNA oligonucleotide arrays now enable the relatively low-cost construction
of hundreds of thousands of up to 300-mer sequence variants. Furthermore, recent work from
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our lab has shown that these synthetic oligos can be assembled together using bead capture and
emulsification methods to produce full-length genes with relatively high fidelity(Plesa et al., 2018;
Sidore et al., 2019) (~20% perfectly assembled sequences). Thus, these modern synthesis
technologies enable researchers to build thousands of up to gene-length designed constructs for
use in systems biology experiments.

B. Massively-parallel reporter assays

Nonetheless, the ability to build thousands of variants is moot without the proper tools to ‘test’
and characterize these sequences. Massively-parallel reporter assays (MPRAs) are another
approach which has recently been developed that enable researchers to characterize functions
of tens or hundreds of thousands of sequences in single experiments(Kwasnieski et al., 2012;
Litterman et al., 2019; Patwardhan et al., 2012; Tewhey et al., 2016). Although the first MPRA
demonstrated by Patwardhan et al.(Patwardhan et al., 2009) was published over ten years ago,
the general format and execution of these assays has remained largely the same. MPRAs utilize
large libraries of DNA sequence variants wherein their function is linked to expression of a unique
transcriptional output known as a barcode. The amount of transcription of a barcode is directly
correlated with the activity of the linked variant and can be measured using next-generation
sequencing to capture the relative abundances of the barcodes. These assays have been used in
a variety of model organisms to measure biological processes such as bacterial promoter
strength(Johns et al., 2018), eukaryotic enhancer activity(Patwardhan et al., 2012), receptor
activation(Jones et al., 2019), and more. Virtually any biological process that can be linked to a
transcriptional output is amenable to this assay format, making them highly versatile and
powerful technologies.
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C. A genomically-encoded massively parallel reporter assay for promoter characterization

We have developed an MPRA pipeline to measure autonomous promoter activity in E. coli.
Generally, we first use oligonucleotide microarrays to synthesize vast libraries of designed
promoter sequences. After synthesis, we amplify libraries using overhanging primers that add
random 20-nucleotide barcodes downstream of each promoter. Using paired-end sequencing, we
can identify which barcodes have been fused to each promoter sequence. Although oligo arrays
are error prone, this allows us to identify which barcodes are paired with perfect sequences and
computationally filter out barcodes corresponding to imperfect sequences in downstream
analyses. Following barcoding, the reporter is completed by cloning a RiboJ::sfGFP gene between
the promoter/barcode combination. Once complete, we transform the reporter into E. coli
MG1655 and irreversibly integrate it into a specific genomic locus, referred to as a ‘landing pad’,
using Cre-Lox recombination. Following integration, we grow E. coli libraries under specific
conditions and measure the strength of each promoter simultaneously using RNA-Seq. This
process can be completed in as little as three weeks, allowing us to rapidly test thousands of
sequences to characterize promoter sequence-function relationships

This MPRA was designed to isolate autonomous promoter activity from other factors that
influence transcript levels. Although promoter sequences account for a large portion of genetic
regulation, steady-state transcription levels are further modulated by factors such as: the
promoter’s genomic location, local transcriptional interference, and mRNA stability. Considering
these, we implemented several engineering solutions that would allow us to separate promoter
activity from these other factors (Figure 1).
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Figure 1) Barcode reporter design. This MPRA implements multiple engineering solutions to
isolate autonomous promoter activity from other factors that modulate transcription levels
independently from promoter activity.

Eliminate genomic-location specific effects on promoter activity

First, promoter activity varies depending on location in the genome due to factors such as
variance in chromosomal copy number(Block et al., 2012; Sousa et al., 1997), the distribution of
transcription factors within a cell(Kuhlman & Cox, 2012), and the chromatin accessibility(Scholz
et al., 2019) masking the effects of cis-regulatory elements. To account for this, we designed our
reporter such that every tested sequence would genomically-encoded in the same intergenic
locus (described in Chapter 4). This had the additional benefit of limiting the copy number of the
reporter (1-2 copies per cell when integrated in the chromosomal terminus) as excess copies
have been shown to saturate endogenous transcriptional machinery(Weinert et al., 2014) thereby
altering transcription factor equilibrium dynamics.
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Insulation from local transcriptional interference

Transcription may be interrupted by collisions between actively transcribing RNAP molecules.
Although our site-specific genomic integration strategy would mean that all promoters be subject
to the same level of local transcriptional interference, the repressive effects of transcriptional
interference have been shown to scale with the strength of the promoter(Brophy & Voigt, 2016).
To prevent the effects of local transcriptional interference, the genomically-integrated reporter is
flanked by pairs of synthetic terminators(Chen et al., 2013), limiting the potential for collisions by
actively transcribing RNAPs. Individually, the terminators we use have been shown to block
upwards of 99% of incoming RNAP molecules so should effectively insulate the reporter from
local transcriptional events.

Constant transcript stability across promoters with variable ITRs

Finally, we eliminate the effects of differences in mRNA stability by engineering each promoter to
express the same transcript. This posed a difficult challenge as many promoters encode
regulatory elements downstream of the TSS within the 5’ initially transcribed region (ITR), which
would be transcribed and therefore modulate the stability of the transcript for each promoter.
Thus, we required a strategy to maintain the 5’ ITR within the DNA reporter yet lose this sequence
within the transcriptional product. Our solution was to use a RiboJ self-cleaving ribozyme
sequence downstream of the promoter ITR(Lou et al., 2012). These sequences encode an mRNA
structure with autocatalytic properties capable of initiating an energy-independent cleavage event
via nucleophilic attack of the 5’ end of the sequence(Lilley, 2011). In our reporter, inclusion of a
RiboJ downstream of the ITR enables us to include variable ITRs downstream of promoter
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sequences yet remove these sequences after their transcription such that they will not affect the
stability of the mRNA sequence. Ultimately, all sequences express a transcript composed of the
same RiboJ sequence, RBS, and barcoded sfGFP. Although each promoter expresses a unique
barcode at the 3’ end, this sequence should minimally affect the stability of the transcript as
bacterial transcription typically occurs in a 5’ > 3’ manner(Hui et al., 2014). Furthermore, multiple
uniquely barcoded reporters are generated for each promoter allowing us to average barcodespecific effects on stability across many replicates for each promoter. Effectively, we can
evaluate the ability of each promoter to express the same transcript.

In this thesis work, I have worked with many colleagues and collaborators to use this technology
to study bacterial promoters in rapid fashion. Throughout this work, we have kept in mind three
step-wise objectives which we believe will enable us to decode promoter regulation in E. coli: 1)
Discovering genomic promoter sequences 2) Identifying sequence elements within these
promoters 3) Learning how sequence elements collectively determine the strength of a promoter.
In Chapter 3, we perform biased and unbiased screens of the E. coli genome to identify where
promoters exist in the genome as well as dissect these sequences to identify regions encoding
regulatory effects. In Chapter 4, we learn how binding sites collectively contribute to expression
by studying the effects of tuning the strengths of RNAP binding sites and identifying synergistic
interactions between sequence elements. Lastly, in Chapter 5, we study the interplay between
repressor and RNAP binding strengths in a variety of promoter architectures.
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Abstract
Despite decades of intense genetic, biochemical, and evolutionary characterizations of bacterial
promoters, we still lack the basic ability to identify or predict transcriptional activities of
promoters using primary sequence. Even in simple, well-characterized organisms such as E. coli
there is little agreement on the number, location, and strength of promoters. Here, we use a
genomically-encoded massively parallel reporter assay to perform the first full characterization
of autonomous promoter activity across the E. coli genome. We measure promoter activity of
>300,000 sequences spanning the entire genome and precisely map 2,228 promoters active in
rich media. We show that antisense promoters have a profound effect on global transcription and
how codon usage has adapted to encode intragenic promoters. Furthermore, we perform a
scanning mutagenesis of 2,057 promoters to uncover regulatory sequences responsible for
regulating promoter activity. Finally, we show that despite these large datasets and modern
machine learning algorithms, the task of predicting promoter activity from primary sequence is
still challenging.

Introduction
In 1961, François Jacob and Jacques Monod outlined the concept of the bacterial promoter
derived from an accumulation of genetic and biochemical studies of metabolic regulation in
Escherichia coli (Jacob and Monod, 1961). Bacterial promoters have since become a foundation
for understanding molecular biology and gene regulation, with countless studies probing their
genetic, evolutionary, structural, thermodynamic and kinetic properties (Haugen, Ross and
Gourse, 2008; Lee, Minchin and Busby, 2012; Feklístov et al., 2014; Browning and Busby, 2016).
Several model promoters such as the lac, trp, and phage promoters have been the subject of indepth mechanistic studies for how RNA polymerase (RNAP) recognizes promoter sequences, as
well as the stepwise process to initiate transcription (Murakami et al., 2002; Johnson and Hinton,
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2006; Hook-Barnard and Hinton, 2007). In addition, many transcription factors have been
described in similar detail, revealing the processes through which these proteins modulate the
behavior of RNAP and activity of the promoter (Lawson et al., 2004; Newberry and Brennan, 2004;
Lee, Minchin and Busby, 2012; Liu et al., 2017). The majority of the binding motifs for these
transcription factors have been studied at high resolution using modern methods (Kinney et al.,
2010; Bonocora et al., 2015; Peano et al., 2015; Ishihama, Shimada and Yamazaki, 2016). In short,
the myriad components that define E. coli promoter function have been extensively cataloged and
characterized, establishing them as one of the most well-understood systems in molecular
biology.

Despite this extensive knowledge, we still cannot answer many simple and fundamental
questions about E. coli promoters. For example, how many promoters exist in E. coli at a given
growth condition? To what extent is promoter regulation responsible for protein level remodeling
during environmental changes? Given a sequence, can we predict if a promoter is contained
within it as well as its strength and/or its regulation? Answers to these questions remain difficult
for many reasons. Although the consensus sequences for RNAP recognition motifs have been
known for decades, a simple search of the genome based on these motifs yields many false
positives. In fact, within a region, there are often sequences closer to the RNAP recognition motifs
than the actual functional promoter (Huerta and Collado-Vides, 2003; Rhodius, Mutalik and Gross,
2012). Experimental efforts to identify promoters using 5’ RNA-Seq have found tens of thousands
of putative transcription start sites (TSSs) that presumably mark sites with functional promoter
activity. However, there is little overlap between studies and several claim many more TSSs than
there are actual genes in the genome (Conway et al., 2014; Thomason et al., 2015). Furthermore,
although many E. coli promoters have been verified with strong biochemical evidence (GamaCastro et al., 2008), identifying the cis-regulatory elements responsible for their activity is
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challenging. As a consequence, roughly two-thirds of the 2,565 reported E. coli operons do not
contain any transcription factor binding site annotations (Gama-Castro et al., 2008; Belliveau et
al., 2018). Finally, even amongst well-studied promoter sequences, we are still unable to
quantitatively predict the activity or behavior of these promoters in the context of perturbations
such as moving, mutating, or removing transcription factor binding sites.

There are several confounding factors which make it difficult to accurately gauge if a sequence
can confer promoter activity. First, recent work has shown that promoter activity varies depending
on location in the genome due to factors such as variance in chromosomal copy number (Sousa,
de Lorenzo and Cebolla, 1997; Block et al., 2012), the distribution of transcription factors within a
cell (Kuhlman and Cox, 2012), and the chromatin accessibility (Scholz et al., 2019) masking the
effects of cis-regulatory elements. Efforts to normalize these effects have utilized reporters on
high copy number plasmids that can saturate endogenous transcriptional machinery (Brewster
et al., 2014). Second, inferring promoter strength from endogenous transcript production is
problematic because these transcripts often contain sequences that alter their processing and
stability independent of the promoter sequence (Esquerre et al., 2013; Chen et al., 2015). Third,
multiple promoters within close proximity, whether co-directional or opposing, can affect each
other’s strength and resulting transcription through mechanisms such as RNAP collisions and
antisense RNA (Callen, Shearwin and Egan, 2004; Shearwin, Callen and Egan, 2005; Brophy and
Voigt, 2016). Finally, not all sequences that initiate RNA transcription are capable of producing
mature and translatable RNA (Yus et al., 2012).

Here we investigated promoter regulation in E. coli using a massively-parallel reporter assay
(MPRA) designed to isolate promoter activity from other confounding factors influencing genetic
regulation (Urtecho et al., 2018). We measured promoter activity at 17,189 reported TSSs and find
35

that a majority are not autonomous promoter sequences capable of gene transcription. We then
measured promoter activity of 321,123 sheared genomic fragments spanning both strands of the
E. coli genome (8.5x coverage) and identified promoter-containing regions in rich and minimal
media. We then systematically tiled these regions to precisely map promoter boundaries,
revealing many regions with multiple promoters, as well as many antisense promoters within
genes that shape both codon usage and transcription levels. To characterize sequence motifs
encoding promoter activity, we systematically shuffled 10 bp regions tiled every 5 bp across 2,057
active promoters and identified cis-regulatory elements that modulate activity. With this
approach, we characterized the regulatory effects of 568 transcription factor binding sites
reported by RegulonDB as well as 2,583 novel sites, thereby providing functionally annotated
profiles for promoters driving expression in rich LB media for 1,158 of the 2,565 operons in E. coli.
Lastly, we trained several machine learning models on these datasets to better understand the
features that best identify E. coli promoter sequences as well as better assess how far we are
from the more general abilities to predict sequence from function.

Results

Functional characterization of 17,635 previously reported E. coli promoters reveals many are
transcriptionally inactive

We first sought to validate predicted promoters and TSSs from several genome-wide studies. We
assembled previously reported TSSs from three sources: the RegulonDB E. coli database (GamaCastro et al., 2008) (8,486 TSSs), a directional RNA-Seq study by Wanner et. al (Conway et al.,
2014) (2,123 TSSs), and a RNA-Seq study by Thomason et. al (Thomason et al., 2015) (14,868
TSSs). These three sources contain 23,798 unique TSSs despite there being only 4,419 known E.
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coli genes and many are within polycistronic transcripts. In addition, there was little agreement
regarding the location of TSSs between studies, with only 93 exact matches shared between all
three (Figure 1A). Even when we collapsed clusters of TSSs within 20 bp of each other to the
most upstream TSS to minimize redundancy, 17,635 unique TSSs remained. These TSSs are likely
some combination of true promoters and false positives due to RNA processing, transcriptional
noise, or experimental and computational artifacts.

To see if these TSS regions could drive gene expression in an exogenous context, we used a
genomic MPRA we developed (Urtecho et al., 2018) to quantitatively measure the autonomous
promoter activity of 17,635 TSSs (Figure 1B). This system allows for single-integration of large
reporter libraries into a defined locus. The promoter activity reporter is insulated by multiple
transcriptional terminators and the reporter transcript contains processing elements that
standardize the transcript produced. For each TSS, we synthesized oligonucleotides spanning
120 bp upstream to 30 bp downstream of the TSS, which should encode the majority of promoter
activity driving expression at a given TSS (Garcia et al., 2012). We included 96 well-characterized
promoters from the BioBricks registry(Mutalik et al., 2013) designed to span a wide range of
expression to serve as positive controls. We also included 500 negative controls that were
selected 150 bp sequences from the E. coli genome that are more than 200 bp from the nearest
TSS. We engineered these 18,222 unique sequences to express a uniquely barcoded sfGFP
transcript and subsequently integrated this pooled library of reporter constructs into the nth-ydgR
intergenic locus within the E. coli chromosomal terminus using a recombination-mediated
cassette exchange system (Enyeart et al., 2013). We determined expression levels by quantifying
the transcript abundance in Luria broth (LB) of each barcode normalized to the DNA-seq
abundances, and precisely measured expression for 97.5% (17,767/18,222) of TSSs in this library
(Figure 1C) with an average of 69.5 barcodes measured per library member (Figure S1A).
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Expression measurements were consistent between replicates which were separately barcoded,
cloned, and quantified (Figure S1B). To call a TSS active we set a threshold of at least greater
than two standard deviations above the median of the negative control distribution, and defined
this threshold value to be 1 (Figure 1D). Among the 17,635 original TSSs, we confidently
quantitated 17,189 (97.4%) and 2,670 exhibited expression above our experimentally determined
threshold (Figure 1E). Notably, this number of active promoters is more consistent with the
number of operons identified using long-read sequencing to characterize full-length E. coli
transcripts (Yan et al., 2018). Amongst these 2,670 confirmed promoters, we recovered
expression data for many well known promoters and three of the strongest corresponded to the
16S and 23S polycistronic operon, the most highly expressed operon in the E. coli genome
(Schneider, Ross and Gourse, 2003).

Several recent studies have shown that promoter expression levels can be highly variable
between genomic locations (Kuhlman and Cox, 2012; Bryant et al., 2014; Scholz et al., 2019).
However, these studies integrate single promoters into many locations to find differences,
making it unclear if such effects are promoter-specific or a more general scaling effect. We
integrated the entire TSS promoter library in both left and right chromosomal midreplichores and
compared expression measurements between these positions and the E. coli chromosomal
terminus (Figure S1B). Promoter measurements remained highly consistent between locations,
although the two midreplichore positions exhibited slightly higher concordance with each other
(r = .97, p < 2.2 x 10-16), than either midreplichore to the terminus (r = 0.95, p < 2.2 x 10-16). We
conclude that genome-position effects are mostly consistent across promoters.

Inactive promoters resemble nonproductive tssRNA promoters
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A majority of E. coli promoters are regulated by the housekeeping sigma factor σ70 (Cho et al.,
2014), and thus we expected that active promoters would be enriched for the canonical σ70
motifs. Promoters of the σ70 family are well known for containing two hexamer motifs, the -10
and -35 motifs, which recruit RNAP and are named after their position relative to the TSS. We
used a widely-used σ70 position-weight matrix (PWM) (Huerta and Collado-Vides, 2003) to
analyze whether active TSS promoters were enriched for these motifs. Although both active and
inactive TSS-associated promoters were enriched for the canonical -10 motif compared to our
negative controls (p < 2.2 x 10-16, p = 6.2 x 10-8), we found the -35 scores of inactive promoters
were generally no greater than negative controls (p = 0.33) (Figure 1E). Conversely, active TSSassociated promoters contained significantly higher -35 scores than negative controls (p = 1.4 x
10-8) or inactive TSS-associated promoters (p < 2.2 x 10-16). Recent work has shown that
promoters containing a -10 but lacking a correctly positioned -35 motif produce short, 35-50 bp
transcripts known as tssRNAs and do not result in mature, translated products (Yus et al., 2012;
Lloréns-Rico, Lluch-Senar and Serrano, 2015). Notably, these short transcripts could be
indistinguishable from biologically productive transcripts in 5’ RNA-Seq studies, yet would not be
detected by our assay, which requires transcription of a barcode within the 3’ UTR of the ~850 bp
sfGFP gene.

Genome-wide Identification of E. coli promoters

Despite functionally screening 17,635 previously implicated TSS regions, we found several
instances where we had not identified promoters for essential operons, implying we were still
missing promoters from the genome. For instance, despite screening several reported TSS
regions upstream of the essential yrbA-murA operon, none exhibited expression greater than our
activity threshold. To comprehensively detect all promoters, we cloned, barcoded, and measured
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the transcriptional activity in LB of 321,123 sheared genomic 200-300 bp fragments (median =
244 bp) providing ~8.5x coverage per strand of the E. coli genome (Figure S2A, Figure S2B). We
averaged the expression of fragments overlapping each genomic position to achieve highly
replicable values of strand-specific promoter activity at single-nucleotide resolution (Figure S2C).
This data may be viewed using a custom interactive visualizer we created, revealing defined
regions of promoter activity across the entire E. coli genome (Figure 2B). We identified candidate
promoter regions by identifying contiguous regions of at least 60 bp with activity measurements
higher than an empirically-derived threshold. This threshold was determined by relating the
number of active and inactive TSSs found within candidate regions. With the chosen threshold,
we found candidate promoter regions overlapping 2,293/2,670 (85.8%) active TSSs identified in
LB, 3,193/14,493 (22.0%) inactive TSSs, and 47/482 (9.75%) negative controls. Active TSSs not
overlapping a candidate promoter region generally exhibited weak activity, near the threshold
used to identify active TSSs (Figure S2D). Furthermore, we detected strong promoter activity at
active TSSs with little promoter activity at inactive TSS promoters (Figure 2C). In total, we found
3,477 candidate promoter regions in LB.

Fine-mapping of E. coli promoters within transcriptionally active regions

Our survey of genomic fragments identified candidate regions of promoter activity that were well
above the expected size of typical promoters (Figure S2E) (Garcia et al., 2012). To further refine
if these candidate regions contained one or more promoters, we designed a library of 48,379 150
bp oligos tiling the lengths of each of the 3,477 promoter regions identified in LB at 10 bp intervals
(Figure 2D). For candidate promoter regions under 150 bp, we synthesized a single oligo encoding
the region without including additional surrounding sequence context. We recovered highly
replicable data for 45,201(93.4%) of these variants with an average of 8 barcodes per variant
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(Figure S2F, S2G). This approach allowed us to precisely identify the boundaries of sequence
elements encoding promoter activity by determining where along the promoter region tiled oligos
gained and lost expression (Figure 2E). This analysis revealed that 1,889 of the previously
identified promoter regions contained one or more discrete promoters, including 278 regions
containing multiple promoters (Figure 2F). The number of promoters within a given region
correlated with the size of the candidate region (Figure S2H). We did not identify promoters within
1,465 of the candidate regions. Candidate regions without promoters were generally near the
threshold and under 150 bp in length suggesting they were mostly false positives (Figure S2I).
Considering the multiple promoters found within a single region, our approach found 2,228
distinct promoters active in LB. Furthermore, by determining the overlap of all active oligos tiling
a promoter, we were able to infer the minimal sequence necessary for each promoter. When
comparing the sizes of the minimal sequence necessary for promoter activity, we observed an
enrichment for sequences of approximately 40 bp, which is a typical size for σ70 promoters
(Hawley and McClure, 1983; Krummel and Chamberlin, 1989; He et al., 2018) (Figure 2G). We also
observed an enrichment for 150 bp minimal promoter regions, although these were generally
weak indicating that our resolution is limited when tiling weaker promoters. Overall, we were able
to precisely map boundaries for 2,228 promoters active in LB. Considering the active promoters
identified during our TSS screen, we find 2,859 distinct promoters. Amongst these promoters, we
identified promoters regulating 99 out of 100 randomly sampled essential genes including the
promoter for the essential yrbA-murA operon which missed in the TSS screen (Supplementary
Table 1). The missing promoter was for the yjeE, which had a very atypical operon structure (the
first gene in the operon overlaps a gene encoded in the opposite direction).

Intragenic promoters are widespread, often found in the antisense orientation, and alter
transcript levels and codon usage of the genes they are within.
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Many studies have found pervasive antisense transcription in prokaryotes (Güell et al., 2009;
Dornenburg et al., 2010; Georg and Hess, 2011), though there is controversy over the functional
relevance and whether they are just due to a noisy transcriptional apparatus (Lloréns-Rico et al.,
2016). At the same time, it has been functionally shown that antisense promoters can alter a
sense gene’s transcription, translation, and steady-state message level (Brantl, 2007; Brophy and
Voigt, 2016). Amongst the 2,228 promoters we identified boundaries for, 1,131 were primarily
contained within intergenic regions while 944 were found to fully or mostly overlap intragenic
regions (Figure 3A, Figure S3). Although intergenic promoters were predominantly positioned in
the sense orientation relative to the nearest downstream gene, 300 of the 944 intragenic
promoters were positioned antisense relative to the genes they overlapped.

Given that we have the locations of the antisense promoters driving transcription, we evaluated
whether genes regulated by antisense promoters were associated with a reduction in gene
expression. We performed RNA-Seq on E. coli MG1655 grown in LB and compared the transcript
coverage of all genes with sense promoters, antisense promoters, and both sense and antisense
promoters. We found that overall, genes with both sense and antisense promoters exhibited a
two-fold decrease in expression compared to strictly sense-regulated genes (Figure 3B). On
average sense-regulated genes exhibit similar promoter activity to genes with both sense and
antisense promoters, suggesting this result cannot be explained by sense-regulated genes simply
having stronger promoters. Genes with only antisense promoter activity generally did not exhibit
any sense gene expression.

The sequences of intragenic promoters are inherently constrained by the coding regions they
overlap, therefore we were curious how the E. coli genome had adapted sequence content to
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enable promoter activity despite these restrictions. After comparing the amino acid composition
within intragenic promoters, we found that these sequences were particularly enriched for stop
codons and showed a preference for several other amino acids (Figure 3C). We found several
codons were preferentially used within intragenic promoter regions. (Figure 3D). In particular, we
found the most notable bias amongst arginine codons, with a strong preference for AGA and AGG
codons. The most enriched codons within intragenic promoters were typically rare in the genome,
which may indicate a role of preferential codon usage in avoiding promoter-like sequences.

The E. coli promoter landscape is dynamic in response to environmental conditions

Cells reconfigure their proteome to facilitate the cellular response to environmental conditions.
The extent to which this proteome remodeling is achieved through differential promoter usage is
still unclear. To test this, we measured promoter activity of our genomic fragment library in
exponentially growing cells under glucose minimal media conditions. Compared to LB, cells
grown in glucose minimal media do not have access to environmental amino acids and must
synthesize these and other essential compounds on their own (Tao et al., 1999). We recovered
replicable promoter activity measurements for 318,457 genomic fragments in glucose minimal
media, spanning the genome with 8.38x coverage (Figure S4A, Figure S4B). We identify 3,321
candidate promoter regions in glucose minimal media with an average length of 293 bp (Figure
S4C). Although 2,466 of these regions overlapped with regions found in LB, we found 960 only
found in LB and 1,029 exclusive to M9 (Figure 4A). Many of the condition-dependent promoter
regions were weak compared to those identified in both conditions and so are likely due to noise
(Figure S4D), however, there were many strongly activated regions unique to each condition. To
identify regions that were truly activated in each condition, we identified regions greater than 60
bp in length that exhibited greater than two-fold activity in one condition compared to the other.
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With this criteria, we found 278 regions more activated in LB and 644 regions more activated in
glucose minimal media. In glucose minimal media, the greatest increase in promoter activity
occurred at ryhB, a Fur-regulated gene encoding a small RNA that regulates iron-binding and ironstoring proteins when available iron is limited (Massé and Gottesman, 2002; Massé, Vanderpool
and Gottesman, 2005) (Figure S4E). In LB, the strongest activated region is positioned to drive
expression of the rbsDACBKR operon, which is essential for uptake and utilization of extracellular
ribose (Barroga et al., 2008) (Figure S4E).

For each condition, we matched activated intergenic and sense promoter regions with the nearest
downstream gene and found 159 genes poised for activation in LB and 392 genes poised for
activation in glucose minimal media. To see if promoter activation resulted in an increase in
expression of these genes, we compared RNA-Seq coverage of the genes with the top 100
strongest promoter activation in each condition (Figure 4B). In each condition, promoter
activation resulted in a concomitant increase in RNA-Seq coverage (LB: p = 1.1 x 10-5, M9: p = 1.9
x 10-5, Wilcox rank-sum test). To see how promoter activation mediates the cellular response, we
used the RAST annotation engine (Aziz et al., 2008; Overbeek et al., 2014) to assign functional
categories to activated genes and identify enriched cellular processes. Genes activated by LB
promoter regions predominantly played a role in carbohydrate utilization whereas genes activated
by glucose minimal media promoters were involved in processes related to amino acid utilization
(Figure 4C).

We reasoned that this dynamic promoter response was mediated by condition-dependent
transcription factors and therefore evaluated the transcription factor binding site (TFBS)
composition of activated promoter regions in each condition (Figure 4D). Examining TFBSs
reported by RegulonDB, we found 470 TFBS annotations overlapping regions activated in LB and
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653 annotations in regions activated in glucose minimal media. Upon comparing TFBS content
of these regions we found that binding sites for several global transcriptional regulators (Fang et
al., 2017), including IHF, Lrp, and Fis occurred at similar frequencies between these conditions.
Conversely, binding sites for Fur, another global transcription factor, were enriched by roughly 20fold within regions activated in glucose minimal media compared to regions activated in LB. This
transcription factor is essential for maintaining iron homeostasis (Braun, 2003; Lee and Helmann,
2007), and is a known regulator of ryhB, the most activated gene we found in glucose minimal
media. Binding sites for CRP were enriched by more than two-fold in regions activated in LB
compared to glucose minimal media. This transcription factor is activated in glucose-limited
conditions and so would likely not induce promoter activity in glucose minimal media. In addition
to global regulators, we found many TFBSs that appear to be entirely condition-dependent with
relatively few regulatory targets. Transcription factors MetJ, GadX, and GadW were exclusively
found in regions activated in glucose minimal media whereas FlhDC, GlpR, and CytR were the
most enriched amongst regions activated in LB.

Mutational scanning of 2,057 E. coli promoters identifies regulatory elements controlling
transcription

After globally identifying promoter regions in the bacterial genome, we sought to develop an
approach to identify sequence motifs regulating these promoters. Recent work by Belliveau et al.
(Belliveau et al., 2018) demonstrated a high-resolution saturation mutagenesis approach to
identify regulatory motifs within individual uncharacterized promoters. Inspired by this work, we
implemented a scanning mutagenesis strategy to explore the sequence features that regulate
active promoters. For 2,057 active TSS-associated promoters identified in LB, we systematically
scrambled individual 10 bp sequences spanning the -120 to +30 positions at five bp intervals
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(Figure 5A). Using this approach, we would expect that disrupting a repressor site would increase
expression, whereas disrupting a RNAP or activator site would decrease expression. These
scrambled sequences were designed to maximize distance from the original sequence, thereby
further guaranteeing that we could perturb any motifs at each position contributing to
transcription regulation. In total, we designed a library of 59,653 sequences consisting of 2,057
active TSS-associated promoters, their scrambled variants, and the previously described set of
negative and positive controls. We measured promoter activity of this library as before and
recovered replicable expression measurements for 52,900/59,653 (89%) of this library in LB, with
an average of eight barcodes per variant (Figure S5A, S5B). Using this approach, we identify
regions that either increased or reduced expression across thousands of promoters in a single
assay (Figure 5B). These sequences were enriched at the -35 and -10 positions for regions that
increased expression, which is expected considering the majority of promoters are σ70
dependent. However, many sequences outside of these -10 and -35 regions also contributed to
regulation.

We first examined the lacZYA promoter, a classic gene regulation model whose sequence motifs
are well characterized. This promoter is known to contain a variety of regulatory motifs, including
twin LacI repressor sites centered at +11 and -82 (Flashner and Gralla, 1988), a CAP activator site
centered at -61 (Czarniecki, Noel and Reznikoff, 1997), and a σ70 RNAP binding site. Our analysis
revealed distinct signals corresponding to each of these sites, as well as quantitative
measurements for their contribution to expression (Figure 5C). Additionally, scanning
mutagenesis of the previously characterized relBE promoter achieved similar results, identifying
a reported RelBE repressor site at the +1 position (Li et al., 2008) as well as -10 and -35 σ70
recognition motifs (Li et al., 2008).
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Given that our approach could capture the effects of known binding sites, we next explored
whether we could effectively identify regulatory sites within uncharacterized promoters. Although
we performed this scanning mutagenesis for 2,057 TSS-associated promoters, here we highlight
a few examples to demonstrate the utility of this method (Figure 5D). The cyclopropane fatty acyl
phospholipid synthase gene, cfa, exhibits dynamic expression (Grogan and Cronan, 1984) and is
responsible for a major component of the cell membrane necessary for cell survival in acidic
conditions (Chang and Cronan, 1999). While there have been several transcription factors
implicated in regulation of cfa, the motifs responsible for its direct regulation are still unknown.
Our approach identified a candidate σ70 promoter regulating this gene with a -10 motif centered
34 nucleotides upstream of the reportedly associated TSS as well as a -35 motif 57 bp upstream,
implying that the reported TSS is likely not the primary site for transcription initiation.
Furthermore, we identified two repressor sites located in the spacer region and upstream of the 35 motif. We also identified novel regulatory motifs for an uncharacterized promoter regulating
rpsL, an essential gene and component of the 30S ribosomal subunit. For this gene, we have
found a candidate σ70 RNAP binding site with predictably positioned -10 and -35 motifs as well
as an unknown repressor positioned over the transcription start site which, once mutated, results
in a 3-fold increase in expression of the promoter. Although further experiments (Belliveau et al.,
2018) are necessary to identify the transcription factors acting on these promoters, these results
identify clear promoters responsible for the regulation of these genes and candidate motifs for
further dissection.

Global identification of 7,293 E. coli promoter regulatory motifs

We expanded the scope of our analysis to examine regulatory motifs throughout all 2,057 tested
promoters. We used the individual barcode measurements, across four replicates, to find
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significant differences between the mean expression of the unscrambled sequence and the
scrambled sequence (Student’s t-test with 1% FDR). Amongst scrambles that significantly altered
expression, 1,885 increased expression whereas 5,408 decreased expression (Figure 6A). These
sites were located throughout promoters and scrambling resulted in dramatic changes in
expression, some over 100-fold (Figure S6A). We observed markedly different distributions for
the positions of sequences that increased expression compared to regions that decreased
expression (Figure 6B). Regions that increased expression were particularly enriched at the -10, 35, and -70 positions, which is consistent with the σ70 RNAP binding motif as well as the typical
position of transcriptional activators amongst class I bacterial promoters (Ebright, 1993; Williams
et al., 1997; Browning and Busby, 2004). Regions that decrease expression localized to the TSS,
spacer, and -35, which is consistent with known mechanisms of RNAP occlusion by steric
hindrance (Rojo, 1999; Browning and Busby, 2004).

Next we cross-referenced these regulatory regions with the extensive collection of putative and
experimentally determined regulatory sites reported by RegulonDB. First, we merged adjacent
significant scrambled sequences corresponding to the same site(s) and identified 1,414 and
1,903 regulatory regions that increase or decrease expression, respectively. Sites were 20 bp on
average (indicating four consecutive 10 bp scrambles spaced 5 bp apart disrupted them) (Figure
S6B) with effect sizes largely independent of their lengths (Figure S6C). Of the 2,453 unique
TFBSs reported by RegulonDB, 1,156 overlap with regulatory regions identified by our analysis
and 49% (567/1,156) resulted in a significant change in activity of the promoter. The effect we
observed after disrupting these reported TFBSs often did not agree with the annotated effect. Our
scrambling results agreed with the reported effect for 65% (185/253) of activators and 43%
(196/450) of repressors (Figure 6C). We presumed the lower concordance with repressors could
be due to scrambling mutations disrupting both a repressor and -35 or -10 element, resulting in a
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decrease in expression which would appear to contradict a reported repressor site. Looking at
the distribution of concordance for merged scrambles by position relative to the TSS, we
observed a higher proportion of disagreement near the -35 and -10 elements, suggesting
overlapping scrambles may be disrupting crucial promoter elements in addition to reported
repressor sites (Figure S6D, S6E). This may be expected considering that many repressors
operate by binding regions proximal to the RNAP binding site. Regardless, we found several
examples where the regulatory effects predicted by RegulonDB were contradicted with strong
evidence, which may indicate that the effect of the reported annotation is incorrect or that these
sites may support multiple transcription factors (Figure 6D). Overall, we characterized regulatory
sequences in promoters driving expression of 1,158 of the 2,565 (Salgado et al., 2013) operons
in E. coli as well as many other confirmed promoters. Thus, we conclude that this approach is an
efficient method to rapidly characterize regulatory motifs within thousands of experimentally
verified promoter regions.

Predicting promoter activity from sequence remains a challenge

In this study we generated a powerful dataset linking 117,556 unique 150 bp sequences to a
quantitative measurement of in vivo promoter activity. Using this unique dataset, we evaluated
our ability to determine whether a promoter was active or inactive (classification) and the precise
level of activity (regression). We trained several machine learning models of varying complexity
for both classification and regression. As many sequences are highly similar due to library design
and close proximity of previously reported TSSs, we split the data into 75% for training (n = 87,164)
and 25% (n = 30,392) for testing according to genomic location, ensuring the two sets contain
sequences equidistant to the origin (see Methods). For classification, we determined a threshold
independently for each library based on the negative controls. Sequences are considered active
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if their expression is greater than two standard deviations above the negative median value and
inactive if expression falls below this threshold.

We trained several different classifiers to predict whether a given sequence was active or inactive
(Figure 7A). All classifiers output the predicted probability for each class, rather than directly
predicting the class, allowing them to be compared using precision-recall curves. Further details
for all models are included in the methods. We trained a simple logistic regression based on four
biophysical features known to be associated with promoter strength: max -10 σ70 motif position
weight matrix (PWM) score, max σ70 -35 motif PWM score, paired -10 and -35 PWM score (PWMs
scanned jointly allowing for, 16, 17, or 18 gap between the -10 and -35), and percent GC content.
We trained this model only using variants from the TSS library, which contained the greatest
diversity, as the model was unable to converge when trained on the full dataset. For comparison,
we trained a gapped k-mer SVM (gkm-SVM) model with word-length 10 and 8 informative
columns (L = 10, K = 8) on the same training set, as this model is best suited for sample sizes
under 20,000, and observed decreased performance relative to the logistic regression (AUPRC =
0.43, AUPRC = 0.53, respectively). Furthermore, we created a feature set of all 3 to 6-mer
frequencies and trained a logistic regression, partial least squares discriminant analysis (PLSDA), and multi-layer perceptron (MLP). To observe the effects of reducing dimensionality, we
additionally trained on only 6-mer frequencies for the MLP and random forest. For the simpler
logistic regression and PLS-DA we performed an additional feature selection step based on the
performance of a random k-mer. All of these models performed similarly, with AUPRC ranging
from 0.26 to 0.33.

There has been recent work predicting transcriptional regulatory activity from MPRA data using
convolutional neural networks (CNNs), which capture intricate sequence features without a priori
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knowledge (Paggi et al., 2017). Inspired by this work, we trained a CNN using the DragoNN toolkit
which is built on top of the keras python package. We performed hyperparameter tuning for a
three layer CNN and achieved an AUPRC = 0.44. Next, we compared the CNN to other machine
learning models that require less hyperparameter tuning and are more interpretable. For
comparison, we trained a random forest on one-hot encoded DNA, which is not well suited to
categorical features, and achieved an AUPRC = 0.27. Furthermore, we trained this model using
frequencies of 6-mers and observed a slight increase in performance (AUPRC = 0.31). Overall, the
CNN achieved the highest AUPRC, but the logistic regression fit with biophysical features more
accurately at higher levels of recall. However, these two models may not be directly comparable,
as the logistic regression was trained on only the TSS library rather than the full dataset.

We separately trained all of the models described above, with the exception of gkm-SVM, for the
more difficult task of regression (Figure 7B). Additionally, we included a linear regression model
that fit to the four “mechanistic” features to predict log-transformed expression. We evaluated
each model using root mean squared error (RMSE) and R2 between predicted and observed values
for promoter activity. Many models perform similarly to each other, with the CNN achieving the
highest R-squared and lowest RMSE (RMSE = 3.12, R2 = 0.31, p < 2.2 x 10-16). We observe
improvement in the linear regression on log-transformed data compared to linear regression
without transformation, suggesting there are non-linear relationships that are presumably
captured by more complex models. Random forest on one-hot encoded DNA performs worse than
random forest on 6-mer frequencies, in line with the heuristic that random forests are not well
suited to categorical features. Overall, the CNN performs best in both classification and
regression, although simpler models have some predictive power and have the benefit of faster
training times.
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Discussion
More than fifty years have passed since the first conceptions of what bacterial promoters were.
Today, E. coli promoters are arguably the most well-studied gene regulatory element and yet we
cannot seem to agree on basic questions of how many promoters exist, what elements define
their function, how constrained are they in sequence space, and how far are we from predicting
promoter activity from sequence. Systematic identification and characterization based on
transcriptional profiling is confounded by genomic location, RNA processing, stability, and
detection differences due to differences in sequences expressed.

Here we attempted to separate promoter activity from other mechanisms of gene regulation to
systematically identify promoter locations, strength, and internal structure genome-wide in rich
media conditions. We systematically probed previous predictions, and combined them with more
unbiased approaches to better understand promoter architecture in E. coli. Overall, we found
2,859 ≤150bp promoters during log-phase growth in LB. We found this included many promoters
contained within genes, often in the antisense direction, that had large effects on mRNA levels
and constrained codon choice within these genes. Have we identified all promoters encoded in
the E. coli genome? Considering the differences in the activities of promoter regions between LB
and minimal glucose media, it is likely that interrogating other conditions will reveal other
condition-dependent promoters. Furthermore, we are skeptical to make the claim that we’ve
definitively identified all promoters even in the conditions tested in this work. Here we defined
sequences as promoters based on empirically derived thresholds. However, this is a
simplification, as promoters that fall below the threshold in this location with this reporter
construct could easily be compensated by a myriad of other genomic factors including message
stability and genomic context.
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Our scanning mutagenesis of active TSS-associated promoters identified 3,317 regions with no
corresponding TFBS annotation in RegulonDB, revealing that there is a great deal more we can
learn about how regulation is encoded in the E. coli genome. For regions that overlapped known
sites, an appreciable proportion disagreed with the reported effect. There could be several
explanations for this disagreement and the discovery of these missing annotations. First, it could
be that the predictions of TFBSs in RegulonDB are actually false positives due to promiscuous
binding events. Second, some transcription factors may possess condition-dependent behavior
and the conditions tested in our study do not capture the full scope of their regulatory program.
Finally, it is plausible that a portion of the sites we identify represent true functional sites that are
missing from current annotation and should be interesting targets for further dissection, such as
identifying which transcription factors operate at these motifs. Further studies to determine
which sequences within a promoter contribute to regulation may aid efforts towards predicting
promoter sequence-function relationships.

Taken together, these datasets provides one of the richest datasets on autonomous promoter
activity. Overall our data points to the idea that all sequences have some propensity to be a
promoter, and this propensity is modulated by other factors such as stability of the message
produced or integration locus to ultimately determine mRNA levels. Moreover, the frequency of
promoter-like activity in overall sequence space is seemingly very high. This view is consistent
with the surprising ease by which promoters evolve from random sequences (Horwitz and Loeb,
1986; Wolf, Silander and van Nimwegen, 2015; Yona, Alm and Gore, 2018). Even without evolution,
a recent study found that 4/40 (10%) random 103 bp sequences exhibited promoter activity (Yona,
Alm and Gore, 2018). We used our platform to characterize 1,000 random 150 bp sequences, and
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found nearly 7% of sequences surpassing our empirically derived threshold for promoter activity
(Figure S7).

To better understand how promoter activity is modulated by sequence, we trained a suite of
machine learning models to identify promoter sequences (classification) and predict the precise
level of activity (regression). These models varied in complexity, from simple linear regression
models based on a handful of known biological features to CNNs trained on raw sequence. Even
with the large training set, and extensive wealth of known mechanistic information, the
performance of these predictive models is limited. If we can’t solve the problem right now for E.
coli promoters, what hope do we have for our understanding and prediction of much more
complex systems in biology? There are several possible explanations for why this problem
remains challenging. First, it is likely challenging to develop a single generalizable model for all
promoters as there are several families of sigma factors with distinct motifs. Therefore, models
that are sigma-factor specific may be more tractable. Second, although the range of our MPRA is
quite dynamic, accurate predictive models may require techniques with even greater quantitative
resolution, especially in the noise regime of the assay where most observations fall. Third, high
performance models may require even larger and more narrowly focused training sets. For
example, one could create a library design to parameterize the binding motifs for various sigma
factors, allowing greater exploration of the vast sequence space than possible with the limited
sites present in the genome. In previous work, we designed a minimal promoter with various
combinations of the core σ70 promoter motifs embedded in a constant background and
developed accurate predictive models using the identities of core motifs as features (Urtecho et
al., 2018). These types of approaches could be better suited for the prediction task because they
limit the amount of varied features, which may promote focused training. Finally, we might simply
lack the basic models for how sequences define biological functions, such as promoter activity,
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and thus we are looking in the wrong places for information. Recent efforts to use much larger
libraries of random DNA sequences to identify strong promoters may serve as a better starting
point to constrain computational models for how sequences affect function (de Boer et al., 2019).

The experimental workflows demonstrated here enable the rapid and iterative exploration of how
sequence affects bacterial promoter function. The convergence of DNA synthesis technologies
with multiplexed assays for genetic function now allow an individual to routinely design, build and
test 104-105 designs on a monthly basis. Such empirical power has no equivalent in other physical
systems, and has now reached the limits of human experimental design and planning. Thus
understanding bacterial promoters might be one of the best problems to develop and test largescale design-of-experiment and active learning methodologies to build better predictors and
discriminate between different mechanistic models of function.
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Figure 1) Functional characterization of 17,635 previously reported E. coli promoters. A) Three
sources of genome-wide promoter predictions show little agreement in the reported TSSs at the
single-nucleotide level. B) We synthesized oligos overlapping the -120 to +30 bp context of
17,635 reported TSSs and integrated construct into a fixed genomic landing pad. Measuring
barcode expression using RNA-Seq captures quantitative measurements of transcriptional
activity for individual TSSs. C) MPRA results are highly replicable across technical replicates (r =
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0.965, p < 2.2 x 10-16). D) The TSS library measurements span over 100-fold with negative
controls exhibiting low levels of expression and positive controls spanning the entire dynamic
range. E) A majority of tested TSSs are inactive in LB. F) Active and inactive TSSs have
significantly different mean PWM scores for -10 and -35 σ70 motifs (Wilcox signed-rank test,
“***”=<0.001).
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Figure 2) Genome-wide Identification of E. coli promoters. A) 321,123 sheared genomic
fragments were screened using the same MPRA platform. The fragments were 200 to 300 bp in
size giving an average 8.5x coverage across each strand of the E. coli genome. Promoter
activity of each fragment was measured and averaged at each position to recover nucleotidespecific expression. B) We developed a custom visualization using Bokeh to visualize the E. coli
promoter landscape. This section of the genome contains five candidate promoter regions that
appear within intergenic regions. C) Meta-analysis of mean promoter activity at experimentally
validated active TSSs, inactive TSSs, and negative controls. D) Oligo tiling library identifies
promoters within candidate promoter regions. We synthesized 150 bp oligos tiling all promoter
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regions identified in rich media at 10 bp intervals. We then determine minimal promoter
boundaries by identifying the overlap of transcriptionally active tiles. E) Oligo tile expression
across the mraZ promoter shows two distinct promoters. Positions are defined according to the
right-most genomic position of each 150 bp oligo. Dashed line indicates the threshold for active
oligo tiles F) Distribution of the number of promoters per promoter region shows many regions
contain multiple promoters. G) Left: Distribution of the lengths of the minimal promoter
boundaries shows enrichment for σ70-promoter sized regions (40 bp). Right: 40 bp minimal
promoters (red) span a wide range of expression whereas 150 bp promoters are typically weak
(blue).
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Figure 3) Intragenic promoters are widespread, often found in the antisense orientation, and
alter transcript levels and codon usage of the genes they are within. A) Orientation and
positioning of identified promoters reveals many promoters are intragenic and antisense. B)
Antisense promoters suppress gene expression genome-wide. Left: Meta-gene analysis of the
median RNA-Seq coverage across all sense, antisense, and dual-regulated genes. Right: Metagene analysis of sense promoter activity at sense, antisense, and dual regulated genes. C)
Intragenic promoters are enriched for specific amino acids relative to whole genome amino acid
frequencies (Chi-squared test, “*” = p < 0.05). D) Specific, often rare, codons are enriched in
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intragenic promoters. Codon bias within intragenic promoters relative to whole genome. Bars
are colored by the relative genome-wide usage compared to other synonymous codons (Chisquared test, “*” = p < 0.05).
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Figure 4) The E. coli promoter landscape dynamically responds to environmental conditions. A)
Shared and unique promoter regions are found between LB and glucose minimal media. B)
RNA-Seq expression of the 100 genes with the highest increase in promoter activity in (Left) LB
and (Right) glucose minimal media shows upregulation in response to promoter activation. C)
Genes activated by promoters in glucose minimal media are enriched for amino acid-related
genes according to RAST subsystem annotations. D) Occurrence of reported transcription
factor binding sites in promoter regions activated in LB compared to glucose minimal media
(M9). Black lines indicate 2-fold enrichment threshold.
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Figure 5) Scanning mutagenesis of 2,057 TSS-associated promoters identifies known and
novel regulatory motifs A) Scanning mutagenesis of 2,057 E. coli promoters to identify
regulatory elements. For each promoter, 10 bp regions were mutated across the full length of
the promoter at 5 bp intervals.B) Mutating each position across E. coli promoters identifies
sequences that activate and repress promoter activity. Rows are rearranged using hierarchical
clustering and the intensities are normalized within each row C) Scanning mutagenesis of the
well-characterized (Left) lacZYA and (Right) relBE promoters captures known regulatory
elements. D) Scanning mutagenesis of the newly-characterized (Left) cfa and (Right) rpsL
promoters identifies regions encoding regulation within these promoters.
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Figure 6) Global identification of 3,317 E. coli regulatory motifs by scanning mutagenesis. A)
We identified scrambled regulatory regions that significantly increase (N = 1,885) or decrease
(N=5,408) expression when scrambled relative to the unscrambled promoter. Data are colored
by whether the regulatory region activates or represses activity of the promoter. B) Activating
promoter sequences are enriched at the -10, -35, and -80 positions whereas repressing
sequences are enriched at +1, -20, and -50 positions. C) Identified regulatory regions
overlapping reported TFBS annotations shows mixed concordance with reported effects; 77.8%
(2,583/3,317) of identified regulatory regions are unreported by RegulonDB. D) Scanning
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mutagenesis of the FadR promoter (bottom) identifies a repressing sequence near the -30 that
has been reported to be activating (top).
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Figure 7) Various machine learning models for promoter activity classification and regression.
A) Performance of various models to classify promoter sequences. Convolutional neural
networks performed best in the lower recall range, while logistic regression based on simple
hand-crafted features performs better in the higher recall range. Dashed line represents the
expected performance from random prediction using full library. B) Performance of regression
models to predict a quantitative level of promoter activity. We evaluated performance using
both root mean squared error (RMSE) and coefficient of determination (R2 ) on the held-out test
set. Similar to classification, convolutional neural networks performed the best with the lowest
RMSE and highest R2.
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Methods

Strains

All experiments were performed in the E. coli MG1655 background (Blattner et al., 1997) which
carries the following genotype: F-, λ-, rph-1 (Yale Coli Genetic Stock Center no. 6300). For the
genomically-integrated MPRA, previously reported strains (Urtecho et al., 2018) with engineered
landing pads in the right midreplichore (essQ-cspB intergenic locus, Addgene no. 110244),
chromosomal terminus (nth-ydgR intergenic locus, Addgene no. 110245), and left midreplichore
(ybbD-ylbG intergenic locus, Addgene no. 110243) were used. Briefly, these landing pads encode
a fluorescent mCherry reporter as well as chloramphenicol resistance, both of which are flanked
by loxP sites for recombination-mediated cassette exchange.

TSS library design

The TSS library incorporates all TSSs from the RegulonDB database (Salgado et al., 2013)
(Version 8.0, genome version U00096.2) and those identified in two recent genome-wide TSS
mapping studies (Conway et al., 2014; Thomason et al., 2015). Recent work provides evidence
that most regulatory motifs fall within 100 bp upstream of the TSS (Garcia et al., 2012) and the
initial transcribed region (+1 to +20) can also influence gene expression. Thus, each TSS was
synthesized embedded in its local sequence context -120 to +30 relative to the TSS, capturing a
majority of the cis-regulatory elements. There were 23,798 unique TSSs across all three sources,
many of which were a few base pairs away from each other. We minimized redundancy and
collapsed together TSSs within 20 bp and selected the most upstream TSS for our library, yielding
17,635 TSSs for the final synthesized library. Additionally, we included 500 negative controls from
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the E. coli genome that are assumed to have minimal regulatory activity. These were selected
from 150 bp regions that are more than 200 bp from a TSS (on either strand), and many fall within
coding regions. We included a set of 112 short synthetic positive controls that were previously
characterized (Kosuri et al., 2013; Mutalik et al., 2013) and span a wide range of expression.

TSS library barcoding and cloning

The TSS library was synthesized by Twist Biosciences and delivered lyophilized as a 26 pmol
pool. The library was resuspended in 100 uL of TE pH 8.0 and 1 uL was amplified for 12 cycles
using GU72 and GU116 with NEB Q5 High-Fidelity 2x Master Mix (#M0492L). Unless otherwise
stated, all amplifications were performed using this polymerase mixture. This product was then
ran on a 2% TAE agarose gel and approximately 200 bp amplicons were extracted using a
Zymoclean Gel DNA Recovery Kit (#D4008). For barcoding, 1 ng of this eluate was amplified for
9 cycles using primers GU72 and GU73. Following cleaning using a Zymo Clean and Concentrator
Kit (#D40140), the library was digested using NEB’s SbfI-HF and XhoI.

The plasmid backbone, pLibacceptorV2 (Addgene #106250) was digested using SbfI-HF and SalIHF with the addition of rSAP (NEB #M0371S). The digested library was ligated into
pLibacceptorV2 using T7 DNA Ligase (NEB #M0318S), cloned into 5-alpha Electrocompetent E.
coli (NEB #C2989K), and plated on LB + kanamycin (25 ug/mL) yielding approximately 2.3 million
colonies estimated by counting simultaneously plated dilutions. After allowing for 24 hours of
growth on plates, the library was scraped and resuspended in LB, and then 800 million cells
(based on OD600) were inoculated in 450 mL LB + kanamycin (25 ug/mL) overnight. Unless stated
otherwise, all plasmids were isolated using a Qiagen Plasmid Plus Maxiprep Kit (#12963) and
concentrated using a Promega Wizard SV Gel and PCR Clean-up System (#A9281).
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In order to clone the RiboJ::sfGFP reporter construct, the library was digested using NEB’s BsaIHF and NheI-HF with the addition of rSAP. The reporter construct was digested using NEB’s BsaIHF and NcoI-HF. Similarly to the previous cloning step, the reporter was cloned into the library
using T7 DNA Ligase, cloned into 5-alpha electrocompetent E. coli, and plated on LB + kanamycin
(25 ug/mL), yielding 6.8 million colonies. The completed plasmid library was isolated as stated
above.

Isolation of genomic fragment library

To isolate genomic fragments, 10 ug of E. coli MG1655 gDNA was sheared using a Covaris
focused ultra-sonicator. The settings used were as follows: Duty factor was set to 10%, Intensity
was set to 4, cycles/burst was set to 200, and time was 60 seconds. The sheared gDNA was ran
on a 3% TAE agarose gel and fragments between 200 and 300 bp were extracted using a
Zymoclean Gel DNA Recovery Kit and eluted in 18 uL water. All 18 uL of the extracted fragments
were end repaired using Enzymatics End Repair Mix (Part # Y9140-LC-L) following manufacturers
protocols, cleaned using 45 uL (1.8x volume) of Agencourt AMPure XP Beads (#A63880), and
eluted in 20 uL of water. The 20 uL eluate was A-tailed following the New England Biolabs
protocol:

Reaction:
20 uL End-repaired DNA
5 uL NEB Buffer 2 (10x)
0.5 uL dATP (10mM)
3 uL Klenow Fragment (3’ -> 5’ exo-) (Enzymatics #P7010-HC-L)
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21.5 uL Nuclease-free water

The reaction was Incubated for 30 minutes at 37ºC, then heat inactivated for 20 minutes at 75ºC
before cleaning using 90 uL Agencourt AMPure XP beads and eluting in 20 uL water. Y-adapters
to facilitate fragment amplification and barcoding were ligated to the A-tailed fragments using
the following reaction mix:

Reaction:
20 uL A-tailed DNA
5 uL NEB T4 DNA Ligase Buffer (10x) (NEB #B0202S)
2 uL Y-adapter GU Y-Frag (25 uM)
1 uL NEB T4 DNA Ligase (NEB #M0202T)
22 uL Nuclease-free water

This reaction was incubated for 20 minutes at 25ºC, heat inactivated for 20 minutes at 65ºC, and
subsequently cleaned using 90 uL Agencourt AMPure XP beads and eluting in 12 uL nucleasefree water.

Barcoding and cloning of genomic fragment library

To barcode the genomic fragments, 1 uL of the processed fragments was amplified for 13 cycles
using GU72 and GU116. This product was then cleaned using a Zymo Clean and Concentrator Kit
and eluted in 12 uL nuclease-free water. For barcoding, 1 ng of this eluate was amplified for 10
cycles using primers GU72 and GU73. Following cleaning using a Zymo Clean and Concentrator
Kit (#D40140), the library was digested using NEB’s SbfI-HF and XhoI.
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This library was cloned following the same protocols as the TSS library. The transformation of
the barcoded library yielded approximately 3.3 million colonies and the transformation after
addition of the RiboJ::sfGFP yielded approximately 1.25 million colonies.

Genomic promoter tiling library design

We used a custom peak caller on the single-nucleotide resolution strand-specific expression
pileup generated from our genomic fragment library to define “peaks” of promoter activity. Our
peak calling method is simple and conservative, as we wanted to tile the most active regions and
keep the library size reasonable. We defined a peak as a continuous region with expression above
an empirically determined threshold. We considered a continuous range of thresholds and for
each evaluated the percentage of active TSSs, from our previous library, contained in a peak and
determined an expression level of 1.1 was sufficient and captured 90% of active TSSs (data not
shown). We required that each peak be at least 60 bp, and merged adjacent peaks that were within
40 bp, yielding 1753 and 1724 peaks for the minus and plus strands, respectively. We tiled each
peak by synthesizing 150 bp windows across the region, with no overlap between adjacent tiles,
yielding 48,491 peak tiles. Additionally, we included 1000 randomly generated 150 bp sequences
to test what fraction of random sequence can drive expression. We included the same set of
positive and negative controls as described in the TSS library design.

Genomic promoter tiling library barcoding and cloning

The active TSS mutagenesis library was synthesized by Agilent and delivered lyophilized as a 10
pmol pool. The library was resuspended in 100 uL of TE pH 8.0 and 1 uL was amplified for 10
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cycles using GU120 and GU121. This product was then cleaned using a Zymo Clean and
Concentrator Kit and eluted in 12 uL nuclease-free water. For barcoding, 1 ng of this eluate was
amplified for 8 cycles using primers GU120 and GU122. Following cleaning using a Zymo Clean
and Concentrator Kit (#D40140), the library was digested using NEB’s SbfI-HF and XhoI.

This library was cloned following the same protocols as the TSS library. The transformation of
the barcoded library yielded approximately 1.5 million colonies and the transformation after
addition of the RiboJ::sfGFP yielded approximately 5.2 million colonies.

Active TSS mutagenesis design

We systematically mutagenized all active TSSs from our initial TSS library to design a follow-up
library. We used 500 negative controls to classify the TSS library into active and inactive TSSs.
We set the active threshold at two standard deviations above the median expression for the
negative controls, resulting in 2,670 active TSSs. We mutagenized the active sequence by
scrambling 10 bp windows, sliding across the 150 bp at 5 bp intervals, resulting in 5 bp of overlap
between adjacent scrambles. We scrambled the sequence using the existing 10 bp to preserve
nucleotide content and selected the scramble that was most dissimilar to the original sequence
out of 100 scrambling attempts. Our final library included 59,653 scrambled sequences and 2,057
unscrambled sequences. We also included the same set of negative and positive controls as
described above for the TSS library, for a total library size of 62,322.

Active TSS mutagenesis library barcoding
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The active TSS mutagenesis library was synthesized by Agilent and delivered lyophilized as a 10
pmol pool. The library was resuspended in 100 uL of TE pH 8.0 and 1 uL was amplified for 12
cycles using GU123 and GU124. This product was then cleaned using a Zymo Clean and
Concentrator Kit and eluted in 12 uL nuclease-free water. For barcoding, 1 ng of this eluate was
amplified for 10 cycles using primers GU123 and GU125. Following cleaning using a Zymo Clean
and Concentrator Kit (#D40140), the library was digested using NEB’s SbfI-HF and XhoI.

This library was cloned following the same protocols as the TSS library. The transformation of
the barcoded library yielded approximately 3.7 million colonies and the transformation after
addition of the RiboJ::sfGFP yielded approximately 5.2 million colonies.

Library Barcode mapping

We used PCR to individually barcode each library sequence to quantitatively measure expression
in our MPRA. Prior to genome integration, DNA-sequencing was performed to computationally
map barcodes to sequences. A custom barcode mapper developed by Nathan Lubock (Jones et
al., 2019) was used to collapse reads into a barcode-sequence map. We used two filtering steps
for barcode quality. First, we required a minimum number of reads for every barcode, assuming
reads that appear once or twice correspond to sequencing errors. Second, BBMap (Bushnell,
2016) was used to align the reads associated with a given barcode, and discarded barcodes that
map to sequences that are too dissimilar to one another. A Levenshtein distance of 30 was used
to discard barcodes that map to two very distinct sequences, while still allowing for a small
number of sequence errors.

Library integration into specific genomic loci
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Library integration was performed as previously described(Urtecho et al., 2018).

The isolated plasmid library was digested with SalI-HF and NheI-HF to eliminate incompletely
cloned plasmid before transformation into electrocompetent MG1655 with a landing pad
engineered in the nth-ydgR locus and plating on LB + kanamycin (25 ug/mL). Colonies were
resuspended in LB and 800 million cells were inoculated into 250 mL LB + kanamycin (25 ug/mL)
and grown overnight. Several 2 mL frozen aliquots were made of this overnight culture.

The library was integrated into the nth-ydgR locus as follows. A frozen aliquot of MG1655 with a
landing pad engineered in the reverse orientation at the nth-ydgR intergenic locus was
transformed with the library and grown overnight in 200 mL LB + kanamycin (25 ug/mL).
Following overnight growth, 400 million cells of this culture were seeded into 250 mL LB +
kanamycin (25 ug/mL) + 0.2% arabinose (g/mL) and grown for 24 hours. After integration of the
library, the plasmid backbone was removed through heat-curing. From the 24 hour induced
culture, 800 million cells were inoculated into 80 mL of LB + kanamycin (25 ug/mL) and grown at
42 ºC for approximately 1.5 hours before reaching an OD 600 = 0.3. Upon reaching exponential
growth, 200 million cells from this culture library were plated and grown for 16 hours at 42 ºC.
Heat-cured plates were scraped and resuspended in LB and 400 million cells were inoculated into
200 mL LB + kanamycin (25 ug/mL). This culture, consisting of our integrated and heat-cured
library, was grown overnight at 37 ºC and several frozen 2 mL aliquots were made.

To test the TSS library in the essQ-cspB and ybbD-ylbG midreplichore regions, the same protocol
was followed using strains engineered with landing pads in these intergenic regions.
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Library growth and harvest for expression measurements

To measure expression of all promoter libraries, libraries were grown and harvested as previously
described (Urtecho et al., 2018) with minor changes to culture conditions.

For each library and biological replicates, a 2 mL frozen aliquot of the library was inoculated in
200 mL LB (BD#244620) with 25 ug/mL of kanamycin and grown at 30 ºC overnight. The
overnight cultures were used to seed new cultures at OD600 = .0005 and grown for approximately
5.5 hours at 30 ºC until reaching an OD600 between = 0.5 and 0.55. The genomic fragment library
was also grown in Minimal Media (Fisher Scientific #DF0485-17) with 0.2% glucose (g/mL) and
25 ug/mL of kanamycin for 10 hours at 30 ºC until reaching an OD600 between = 0.5 and 0.55.
Cultures were rapidly cooled to 0 ºC in an ice slurry for two minutes. Three 50 mL aliquots were
pelleted at 4 ºC by centrifugation at 13,000xg for two minutes and the supernatants were poured
out before snap-freezing the pellets in liquid nitrogen. Three 5 mL aliquots of each library were
harvested using the same approach to be processed for genomic DNA extractions.

RNA and DNA sequencing library preparation

RNA was extracted from 50 mL library pellets using a Qiagen RNEasy Midi kit (#75142) and 45
ug of each extract was concentrated using a Qiagen Minelute Cleanup Kit (#74204). Barcoded
cDNA was generated from 25 ug of each concentrated RNA extract using Thermo Fisher
SuperScript IV (#18090010) primed with GU101. The manufacturer’s protocol was followed aside
from extending the reaction time to 1 hour at 52 ºC. The cDNA reaction was cleaned using a Zymo
Research DNA Clean and Concentrator kit (#D40140) before amplification. Barcoded cDNA was
amplified via PCR for 13 cycles using primers GU59 and GU102. This reaction was cleaned using
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a Zymo Research DNA Clean and Concentrator Kit and 1 uL of this reaction was used in a second
PCR for indexing and addition of flow cell adapters. The second PCR was for 8 cycles and utilized
primers GU102 with either GU61, GU62, GU63, or GU64 (which add separate 6 bp indices).

gDNA was extracted from 5 mL cell library pellets using a Qiagen Gentra Puregene kit (#158567).
Barcoded DNA was amplified from 1 ug of gDNA via PCR for 12-15 cycles using primers GU59
and GU60. The reaction was subsequently cleaned using a Zymo Research DNA Clean and
Concentrator kit. To add sequencing adapters and indices to the library, 1 ng of this reaction was
subject to a second PCR for 8 cycles using primers GU70 with either GU63, GU64, GU65, or GU66
(which add separate 6 bp indices). RNA and DNA sequencing libraries were cleaned using a Zymo
Research Clean and Concentrator Kit (#D40140) before quantification using an Agilent
Tapestation.

For each library, eight separate sequencing libraries were prepared: Four sequencing libraries for
each RNA/DNA with two biological replicates and two technical replicates of each biological
replicate. Biological replicates originated from separately grown and harvested glycerol stocks of
each library. For each biological replicate, two RNA/gDNA extractions and sequencing library
preparations (technical replicates) were performed in parallel. Libraries were submitted to the
Broad Stem Cell Research Center at UCLA for sequencing on a HiSeq2500 or to the UCLA
Translational Pathology Core Laboratory for sequencing on a NextSeq500. Raw sequencing data
and promoter expression measurements will be made available on NCBI’s Gene Expression
Omnibus.

RNA-Seq of MG1655 in M9 minimal Media and Rich LB media
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To compare the promoter landscape to local transcriptional levels, RNA-Seq was performed on
MG1655 grown in M9 minimal media (BD Difco #248510) supplemented with 0.2% glucose, 2 mM
magnesium sulfate, and 0.1 mM calcium chloride. Similarly, RNA-Seq was performed for MG1655
grown in LB (BD#244620). Cells growth and RNA preps were prepared as previously described
(see methods section titled: library growth and harvest for expression measurements). Samples
were prepared using an Illumina TruSeq® Stranded mRNA Library Prep (#20020594) following
manufacturers protocols to achieve strand-specific coverage. We note that no rRNA depletion
was performed to preserve the fully intact transcriptional landscape. Samples were submitted to
the UCLA TCGB sequencing core and sequenced on a Hiseq 4000.

Standardizing Promoter Expression Quantification and Activity Thresholding

We processed the TSS, scramble, and peak tiling libraries using the same computational pipeline
to facilitate comparisons between libraries. First, we use a set of 96 short synthetic positive
controls, designed to span a range of activity (Kosuri et al., 2013; Mutalik et al., 2013), to fit a
robust linear regression (rlm function from MASS package) with the TSS library as the reference.
Each library is standardized independently to the TSS library using the set of positive controls
present in both libraries. Next, for each library we independently determined the level of
background noise based on the median of 500 negative controls and subtracted this background
from the newly fitted measurements. These steps standardize our data so we can train jointly
across all datasets.

-10 Motif and -35 Motif characterization
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A position weight matrix from bTSSfinder was used to identify and score the best match to the 10 and -35 motifs within active tss-associated promoters, inactive tss-associated promoters, and
a set of 500 negative controls. Best scores were reported regardless of position within the
sequence. For all pairwise comparisons of active tss-associated promoters, inactive tssassociated promoters, and the negative controls, the distributions of motif scores were compared
and a student’s t-test was performed to determine significance.

Genomic fragment processing, alignment and promoter landscape quantification

To calculate fragment expression, we used measurements from DNA-seq and RNA-seq and
excluded fragments with low expression (< 0.1) or high variance (5-fold difference in relative
expression between biological replicates). To identify the coordinates of genomic fragments
assayed using the MPRA, fragment sequences were aligned using bowtie2 (Langmead and
Salzberg, 2012) (version 2.3.4.3 ). To determine nucleotide-resolution calculations for promoter
activity, we utilize the script, frag_expression_pileup.py. This script outputs WIG files in a strandspecific manner detailing the median expression of fragments overlapping each nucleotide
position.

Identification of minimal promoter regions

To identify minimal sequences necessary for promoter activity, contiguous stretches of
candidate promoter region peak tiles were grouped and the minimal shared overlapping region
was identified. Peak tiles above the expression threshold were identified and grouped together if
they shared an overlap of at least 110 bp of their 150 bp total length. The minimal region
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necessary for promoter activity was found by determining the overlap of the outermost
sequences within a contiguous stretch of tiles.

Determining promoter-gene associations

To assign genomic promoter peaks to their regulated genes, peaks were first assigned specific
nucleotide positions by identifying the maximum activity score within a peak. Promoter peaks
were considered intragenic if their maximum scoring nucleotide overlapped with a gene
coordinate. For peaks whose maximum scoring nucleotides were within intergenic regions,
regulated genes were assigned by identifying the first downstream gene within 500 bp. Once gene
associations were identified, promoter peaks were labeled sense or antisense depending on
whether the regulated gene shared strand orientation with the promoter peak

RNA-Seq alignment and genome transcript coverage

RNA-Seq

analysis

was

performed

using

the

script

RNAseq_LB_processing.sh

or

RNAseq_M9_processing.sh. This script trims reads using the trimmomatic software (ver.
0.36+dfsg-3) and aligned to the MG1655 reference genome (U00096.2) using Hisat2 (Kim,
Langmead and Salzberg, 2015) (ver. 2.1.0-1). Genome nucleotide-resolution coverage was
determined using Samtools depth (ver. 1.7-1). Meta-analysis across gene groups (as in figure 3B),
was performed using Deeptools (Ramírez et al., 2016) (ver. 2.5.6). Gene expression coverage (as
in figure 4B) was calculated using custom script wig_over_bed.py, which calculates the total
(.wig) coverage across reported E. coli genes. In all cases, default parameters were used with the
exception of allowing for strand-specific quantifications.
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Amino acid and codon bias within intragenic promoters

Amino and codon usage was characterized within intragenic promoters and compared to all E.
coli coding regions. To identify intragenic promoters, minimal regions necessary for promoter
activity were identified by cross referencing genomic coordinates to reported genes. Reported
gene coordinates were acquired from RegulonDB Version 8.0 (Salgado et al., 2013). Once
intragenic promoters were identified, nucleotide triplets were extracted while conserving the
reading frame of the overlapping gene. Similarly, nucleotide triplets were extracted from all
reported E. coli coding regions after filtering out sequences which did not have nucleotide lengths
of a multiple of three. For these extracted sequences, codon frequencies were normalized to their
relative abundance compared to other codons encoding the same amino acid. Amino acid
frequencies were normalized to the total number of amino acids within each group. Significantly
enriched or depleted codons were identified by performing a chi-squared test within each amino
acid group and adjusting the p-value using FDR. Significantly enriched or depleted amino acids
were identified by performing a chi-squared test for each amino acid relative to the total pool of
amino acids and adjusting the p-value using FDR.

Comparison of condition-dependent promoter and gene activation between rich and minimal
media

To identify condition specific promoters, coordinates of candidate promoter regions identified in
both M9 and LB conditions were compared to identify overlaps. Coordinates of promoter peaks
were cross-compared between conditions using the bedtools intersect tool (bedtools v2.27.1)
and considered unique to a particular condition if they had no overlap between conditions. To
identify regions that were activated between conditions, we compared the relative promoter
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activity between conditions at all positions in the genome and identified stretches greater than
60 bp that exhibited over 2-fold difference in activity. Regions were called using custom script
run_differential_wig.sh available on the Github repository. To identify genes being expressed by
differentially active regions, intergenic differentially active regions and matched these to the
nearest downstream gene within 500 bp.

Identification of SEED subsystem annotations enriched in differentially-activated genes

To identify genetic functions associated with condition-dependent genes, the E. coli MG1655 K12 genome (Genbank: U00096.2) was annotated using the SEED and RAST webserver (Aziz et al.,
2008; Overbeek et al., 2014). Genes within 500 bp downstream of promoter regions activated by
condition were identified and associated with activation in LB or minimal media. For each media
condition, genes were grouped by functional categories and the number of genes for each
category was tallied.

Identification of condition-dependent TFBSs

The TFBS content of promoter peaks unique to each condition was evaluated by crossreferencing with TFBSs reported by RegulonDB (Salgado et al., 2013) (Release 8.8). Genomic
regions activated in each condition were assigned TFBSs based on overlapping genomic
coordinates using the bedtools intersect tool (bedtools v2.27.1) with default parameters and
ignoring strand assignments. Incidents of each TFBS overlap were quantified between conditions
and normalized to incidencies per 100,000 bp of promoter peak sequence.

Identification of statistically significant scrambling promoter variants
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We identified scrambling promoter variants that significantly altered expression compared to the
wild-type (WT) variant in the script scramble_ttest.Rmd. We considered each scramble and
barcode combination as an independent observation, rather than summarizing expression as an
average across all barcodes. A two sample two-sided Student’s t-test (t.test) was performed to
test for a significant difference in mean expression levels between barcodes for a scrambled
variant and barcodes for the corresponding WT variant. We performed multiple testing correction
and identified 1,885 scrambles that increase expression and 5,408 that decrease expression
relative to the WT variant, at a false discovery rate of 1%.

Next, bedtools merge was used to merge overlapping adjacent scramble variants to produce
“merged” scrambles. These merged sites correspond to a continuous scrambled region that
induced significant changes in expression. We identified 1,414 merged scrambles that increased
expression and 1,903 merged scrambles that decreased expression, and scrambles were merged
separately based on effect.

Comparison of identified regulatory regions to RegulonDB annotations

We compared our identified merged scramble sites to existing RegulonDB annotations. We used
bedtools intersect and required that 10% of the TFBS overlapped with a merged scramble site to
count as an overlap. Next, we assessed whether the expression effect seen in our MPRA agreed
with the direction of effect of the TFBS as indicated in RegulonDB. A merged scramble site was
marked as “concordant” if any of the component scrambles agreed with existing annotation, and
not concordant otherwise.

83

Machine learning models

We implemented several machine learning models, independently trained for both classification
and regression. All reproducible code is provided in the Github and we will briefly describe each
model and the appropriate parameters or implementation details.

Data processing

We standardized all datasets as detailed above in “Universal Promoter Expression Quantification
and Activity Thresholding”. Next, we split our data, using custom scripts, into 75%/25% for
training/testing based on genomic location, ensuring the splits are equidistant from the origin, to
avoid overfitting (define_genome_splits.py). Briefly, we split the genome into eight chunks, with
the first and last chunk adjacent to the origin of replication. We designated the second and
seventh chunk as the test set and remaining chunks as training set. This splitting maintains
roughly the same distance from the origin between the training and test sets to avoid any potential
effects of genome location. Many of our library designs include high overlap between adjacent
positions in the genome. Splitting by genome location mitigates inflated performance due to
highly similar sequences present in both train and test sets. Across the three libraries (TSS, peak
tiling, scramble) there are 87,164 training samples and 30,392 test samples.

We trained models for both regression and classification. Our data was skewed toward negative
examples, with many samples near our determined threshold. For classification, we created a
buffer around the threshold and only include sequences with expression <= 0.75 as negatives and
>= 1.25 as positives and labeled sequences as active or inactive. Our training set was reduced to
53,326 samples and testing set to 18,567 samples.
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We used the classification models to predict probabilities, instead of the class, to derive
precision-recall curves.

Simple model with promoter features

For the models in this section we created features only for the TSS library because it is closest to
endogenous sequence and is a smaller dataset. The training and test sets were split by genomic
location, as described above, with 13,118 training samples and 4549 testing samples.

We created a simple model which incorporates four features related to promoter function. We
calculated the maximum position weight matrix (PWM) score using motifs from bTSSfinder
(Shahmuradov et al., 2017) for both the -10 and -35 core promoter motifs. We scanned the -10
and -35 PWM individually and took the max score at any position using scoring functions from
the Bioconductor package Biostrings (Pagès et al., 2017). Next, we scanned the sequence with 10 and -35 PWM jointly, allowing either 16, 17, or 18bp spacing in between the PWMs, reflecting
common spacer lengths between core motifs. We assigned the “paired” max score as the max
score at any position in the sequence across the three length options. Finally, we calculated the
GC content (percentage) as this has been shown to be negatively correlated with promoter
strength (Johns et al., 2018). We constructed models in R with these four features and fit 1) a
linear regression (lm), 2) a linear regression on the log-transformed expression values (lm) , and
3) a logistic regression (glm, family = ‘binomial’, type = ‘response’).

We trained the gapped k-mer SVM (gkm-SVM (Ghandi et al., 2016)) model on only the TSS dataset
because the model is suited for training sets < 20,000. The training and test sets were split by
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genome position as described above. We specified a word length = 10 with 8 informative columns
(L = 10, K = 8).

K-mer frequencies and simple models (linear regression, logistic regression, partial least squares
regression, partial least squares discriminant analysis)

All of the models described in the remaining sections were trained using all three combined
datasets, as described above.

We created a feature set based on k-mer frequencies, with k-mers ranging in length from 3 to 6mers. We generated feature sets and trained models in python. For simpler models we performed
an additional feature selection step using custom scripts (kmer_feature_generator.py).

We trained four models:
●

linear regression (statsmodel.api.OLS)

●

logistic regression (sklearn.linear_model.LogisticRegression())

●

partial least squares regression (sklearn.cross_decomposition.PLSRegression())

●

partial

least

squares

discriminant

analysis

(sklearn.cross_decomposition.PLSRegression() on binary dependent variable)

For each k-mer, we computed the frequency in a set of random genomic sequences, the same
length and size of the training set. We include a k-mer if the absolute correlation with expression
is greater than the “random” k-mer frequency, resulting in 4800/5440 filtered k-mers. We chose
partial least squares regression because it projects the input features onto a new space and is
better equipped to handle a large number of features with high collinearity.
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Random forest regression and classification

Next,

we

trained

a

random

(sklearn.ensemble.RandomForestRegressor())

forest,

for
and

both

regression
classification

(sklearn.ensemble.RandomForestClassifier()). We train on one-hot encoded DNA as a
comparison to the neural network model, although random forest is not well suited to categorical
input features. To compensate for this, we trained the random forest using frequencies of all 6mers and observed improved performance.

Multi-layer perceptron and neural networks

We trained a multi-layer perceptron for both regression (sklearn.neural_network.MLPRegressor())
and classification (sklearn.neural_network.MLPClassifier()). MLPs are a class of feedforward
artificial networks and are “vanilla” neural networks consisting of an input layer, hidden layer, and
output layer. We used two different feature sets: frequency of all 3- to 6-mers and frequency of
only 6-mers. Feature sets were standardized with sklearn.preprocessing.StandardScaler() to
remove mean and scale to unit variance. We trained all four models with the following
parameters: alpha = 0.005, hidden_layer_sizes=(800, 30), solver = ‘lbfgs’, random_state=1,
max_iter=10000, early_stopping=True, learning_rate=’adaptive’, tol=1e-8.

We trained a convolutional neural network (CNN) on one-hot encoded DNA sequence for both
regression and classification. We performed hyperparameter tuning and training using (Paggi et
al., 2017), a toolkit for working with CNNs built on keras. We performed a random hyperparameter
search for a three layer CNN for 100 combinations and the optimal parameters are listed below.
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Regression:
●

Dropout: 0.1340735187802852

●

Pooling width: 16

●

Convolutional filter width (for each layer): 16, 17, 18

●

Number of filters (for each layer): 19, 39, 54

Classification:
●

Dropout: 0.45541334972592196

●

Pooling width: 7

●

Convolutional filter width (for each layer): 8, 29, 29

●

Number of filters (for each layer): 99, 87, 60

88

Figure S1, related to Figure 1) TSS-associated promoters are represented by multiple barcodes
and provide replicable measurements between genomic positions. A) Distribution of the number
of barcodes measured per TSS-associated promoter (Median = 61 barcodes). B) Comparison of
separately barcoded experimental replicates for 1,824 TSS-associated promoters. Red line
denotes y=x (R2 = 0.919, p < 2.2 x 10-16). Barcode replicate #1 corresponds to promoters tested in
the TSS variant library while Barcode replicate #2 corresponds to identical variants tested with
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the scanning mutagenesis library. C) Comparison of TSS-associated promoter measurements
when integrated into distant regions of the E. coli chromosome (p < 2.2 x 10-16 for all correlations).
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Figure S2, related to Figure 2) Statistics of genomic screen for promoter activity in LB media.
A) Comparison of fragment expression measurements between biological replicates after
filtering out genomic fragments with >5-fold difference in expression between biological
replicates or expression under 0.1 (r = 0.861, p < 2.2 x 10-16). B) Distribution of the lengths of
genomic fragments assayed for promoter activity. C) Comparison of promoter activity
measurements for 50,000 randomly sampled single-nucleotide positions between biological
replicates (r = 0.984, p < 2.2x10-16). D) Promoter activity measurements for active TSSs recaptured
by genomic fragment screen compared (N=2,285) to TSSs that were not captured (N=386). E)

91

Distribution of the lengths of genomic regions exhibiting promoter activity above our threshold.
F) Comparison of peak tiling variant measurements between biological replicates (r = 0.975, p <
2.2x10-16). G) Distribution of the number of barcodes per variant within the peak tiling library. H)
Distribution of the size of promoter regions identified from the genomic fragment screen
separated by their number of distinct minimal promoters. I) Distribution of the average per base
promoter activity of promoter regions identified from the genomic fragment screen separated by
their number of distinct minimal promoters.
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Figure S3, related to Figure 3) Percent overlap between identified promoters and genes. While
identified E. coli promoters are generally either fully intragenic or intragenic, 719 only partially
overlap genes.
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Figure S4, related to Figure 4) Statistics of genomic fragmentation library in glucose minimal
media. A) Comparison of MPRA measurements between biological replicates in glucose minimal
media. B) Distribution of fragment lengths measured in glucose minimal media. C) Distribution
of the sizes of promoter regions identified in glucose minimal media. D) Comparison of promoter
region scores for regions that are unique to each condition or shared between conditions. E) (Left)
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rbsDACBKR operon promoter activity in LB media (top) and glucose minimal media (Bottom).
(Right) ryhB promoter activity in LB media (TOP) and glucose minimal media (Bottom).
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Figure S5, related to Figure 5) Quality control for TSS scanning mutagenesis library. A)
Comparison of MPRA promoter activity measurements between biological replicates (r = 0.958,
p < 2.2 x 10-16). B) Distribution of the number of barcodes per variant in TSS scanning mutagenesis
library.
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Figure S6, related to Figure 6) Global identification of E. coli regulatory motifs by scanning
mutagenesis. A) Distribution of the effects of scrambling mutations on regulatory regions. B)
Distribution of significant scramble lengths after merging contiguous regions. C) Relative change
in expression from merged scrambles by length. D,E) Agreement between regulonDB TFBS
annotations and effects of scrambling the overlapping region of the promoter for D) Repressors
and E) Activators
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Figure S7) An appreciable number of random 150mer oligos encode promoter activity. Here we
show the proportion of active sequences within each group of sequences tested using the
promoter MPRA. Dashed line at 1 indicates the activity threshold as determined by the negative
controls, which were measured in parallel with each group.
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Abstract

Promoters are the key drivers of gene expression and are largely responsible for the regulation of
cellular responses to time and environment. In E. coli, decades of studies have revealed most, if
not all, of the sequence elements necessary to encode promoter function. Despite our knowledge
of these motifs, it is still not possible to predict the strength and regulation of a promoter from
primary sequence alone. Here we develop a novel multiplexed assay to study promoter function
in E. coli by building a site-specific genomic recombination-mediated cassette exchange (RMCE)
system that allows for the facile construction and testing of large libraries of genetic designs
integrated into precise genomic locations. We build and test a library of 10,898 σ70 promoter
variants consisting of all combinations of a set of eight -35 elements, eight -10 elements, three
UP elements, eight spacers, and eight backgrounds. We find that the -35 and -10 sequence
elements can explain approximately 74% of the variance in promoter strength within our dataset
using a simple log-linear statistical model. Neural network models can explain greater than 95%
of the variance in our dataset, and show the increased power is due to nonlinear interactions of
other elements such as the spacer, background, and UP elements.

Introduction

Promoters are the key regulators of gene expression and largely control developmental
and environmental responses in all living organisms 1–3. Decades of studies on bacterial and
phage promoters have elucidated many of the essential proteins and basic sequence motifs
necessary for initiating transcription. In E. coli, transcription requires the polymerase holoenzyme
which consists of a core set of five subunits, as well as one of seven known sigma factors4–6.
Sigma factors provide much of the sequence specificity for bacterial promoters, and the
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prevalence of each factor varies based on environmental conditions7,8. Under standard growth
conditions, most active promoters are transcribed by σ705. σ70-dependent promoters are
composed of discrete sequence elements that cooperatively determine expression, including two
conserved hexamers centered -10 and -35 bases upstream of the transcription start site that
directly interact with the σ70 subunit9. Other sequence elements are known to be important
including the nucleotide content and length of the spacer region between the -10 and -3510, an UP
element upstream of the -35 that can anchor the RNA polymerase (RNAP) α-subunit to enhance
promoter recognition11, and the local sequence context surrounding these elements12.
Despite the apparent simplicity of the process and decades of genetic and biochemical
dissection, we still lack answers to basic questions surrounding bacterial transcription. For
example, given an arbitrary sequence, we largely do not have the ability to know (1) if it is a
promoter, (2) its strength, and (3) its regulation. Thus far most approaches try to understand the
relationships between sequence elements that comprise the full promoter using reverse genetic
approaches where they characterize multiple variants of an element in a single promoter
context10,13. Although these studies have revealed the contributions of individual sequence
elements, the effects of these variants are often inconsistent between promoters, conceivably
due to higher order relationships between sequence elements14. Conceptually, a simple way to
tease apart these relationships is to test a wide variety of element combinations across a variety
of backgrounds. However, increasing the number of element combinations and backgrounds
quickly surpasses the number of constructs that can be practically tested using traditional
means. Developing novel approaches to test vastly more designs will help us understand the
behavior of sequence elements across different contexts, and more broadly allow us to explore
relationships between promoter sequence and function.
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Massively Parallel Reporter Assays (MPRAs) are a new class of experiments that test
large numbers of designed genetic variants for functional activity 15,16. We and others have used
MPRAs to quantify expression of large promoter or enhancer libraries for both transcriptional and
translational activities17–27. However, there are several limitations when using these systems to
study promoter function in bacterial systems. First, since many current systems rely on flow
cytometry and sorting, reporter expression levels must be relatively high to detect signal, limiting
the quantitative range of promoter studies. Second, these systems often measure protein
production rather than RNA, making it difficult to decouple transcriptional and translational
processes. Third, although there are many bacterial MPRAs that measure transcriptional readout
directly, most systems accomplish this by quantifying unique sequence tags located on the 5’ end
of reporter transcripts, which can have significant effects on transcript stability and requires
sensitive RNA ligation protocols. Fourth, these previous systems are universally encoded on
plasmids to increase signal, but this leads to issues when trying to understand promoter function.
In bacteria, plasmids exist at variable copy number, which can both contribute to expression
noise28 and saturate endogenous transcriptional cofactors29. Finally, libraries of synthesized
oligos characterized in these assays contain considerable amounts of sequence errors, and in
certain MPRAs imperfect oligos cannot be distinguished from perfect sequences 21,30.
Here we present a new MPRA system for studying promoter function in E. coli that
addresses all of these concerns. To do this, we combined and extended several previous efforts
to develop a new high-efficiency, site-specific genomic recombination-mediated cassette
exchange (RMCE) system capable of integrating large libraries of genetic designs into precise
genomic locations. We then build a reporter system capable of exploring transcriptional activity
using RNA-Seq while maintaining our ability to differentiate perfect from imperfect reporter
sequences, similar to MPRAs in mammalian systems. We use this new MPRA system to integrate
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over 300,000 reporters and measure expression of 10,898 σ70 promoter variants, which are
specifically designed to explore the relationships between the -10, -35, UP, and spacer elements
across different sequence backgrounds. We show that this genomically-based reporter assay
achieves robust, quantitative measurements of promoter strength and use these measurements
to develop statistical models that predict promoter strength based on sequence element
composition. Furthermore, we leverage the insight gained from these statistical models to
identify and dissect higher order interactions between σ70 sequence elements.

Results & Discussion

Design and Testing of High-efficiency Genomic RMCE.

We designed our MPRA system to be genomically encoded at a defined genomic locus
while at the same time allowing for easy construction of large libraries. To this end, we first used
lambda-red recombination to insert an engineered landing pad into six intergenic loci distributed
at different distances and orientations from the origin of replication that were previously identified
as potential landing pad insertion sites31 (Figure S1). This landing pad contains an engineered
operon encoding both red fluorescence (mCherry) and chloramphenicol resistance (catR). The
operon is engineered to be exchanged in whole using the mutant loxP sites loxm2/66 and lox7132–
, which have been previously shown to mediate high-efficiency exchange from the genome using

34

the GETR system32. Briefly, these two sites allow for the subsequent cassette exchange with a
vector containing complementary lox sites, loxm2/71 and lox66. lox66 and lox71 sites are capable
of undergoing Cre-mediated cassette exchange, and their recombination irreversibly produces
the inactive lox site, lox72. Furthermore, the m2 mutation alters the spacer sequence to make
them incompatible with natural spacer sequences, thereby preventing cis-recombination
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events34. To direct RMCE to the landing pad, we designed and constructed an integration vector
composed of an arabinose-inducible Cre recombinase35, a temperature-sensitive origin-ofreplication36, and a modular payload flanked by loxm2/71 and lox66 sites complementary to those
in the landing pad (Figure S1). We can replace the landing pad cassette with our engineered
design by transforming the integration vector into a strain engineered with the landing pad,
inducing Cre-mediated recombination, and selecting for integrated cells while simultaneously
removing unintegrated plasmid with heat-curing. We used flow cytometry to track integration of
an sfGFP fluorescent marker into the nth-ydgR locus at high efficiency (Figure 1A). Initially, cells
only express mCherry, but upon introduction of a constitutive donor plasmid as a library, and
induction of Cre recombinase, we find that almost two-thirds of the cellular population undergo
cassette exchange. Since the donor cassette also includes a resistance marker, when we
subsequently apply selection 94.3% of the population contained the reporter and had lost
expression of genomic mCherry, indicating proper cassette exchange.

To evaluate potential location-specific effects on expression, we measured mCherry
expression from different integrated loci within the E. coli genome using flow cytometry (Figure
1B). We used six previously described locations with two flanking the origin of replication (atpIgidB, yieN-trkD), two located midreplichore (ybbD-ylbG, essQ-cspB), and two near the terminus
(nth-ydgR, ygcE-ygcF)31. All six pairs are located on opposite sides of the genome, and face the
direction of DNA replication. We found that the two sites near the origin varied greatly, with the
yieN-trkD locus having 426% higher median expression than the atpI-gidB locus (Figure 1B). This
may be due to differences in copy number around the origin37 or collisions with replication
machinery38. The pairs of mid-replichore and termini loci only varied by 4.2% and 4.6% between
each other respectively, and the median expression was approximately 27% higher at the termini
location as compared to the mid-replichore locations. Finally, we tested expression of landing
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pads engineered in both orientations at the nth-ydgR locus and observed little difference in
expression as has been previously observed 37,39 (Figure 1C).

Reporter and Library Design, Construction and Testing.

To test the transcriptional output of large libraries of reporters in multiplex we designed
and built a reporter construct. The final RMCE donor cassette (Figure S1) contains the promoter
to be tested, a RiboJ self-cleaving ribozyme sequence40, and an sfGFP reporter with a random
20nt barcode in the 3’ UTR that uniquely identifies the promoter variant followed by a
transcriptional terminator 41. The RiboJ sequence standardizes the 5’ UTR of the reporter,
decoupling transcriptional activity from any potential stability effects different UTR regions might
have40. Immediately downstream, a constitutive promoter drives expression of the kanamycin
resistance gene (kanR), allowing for selection of the RMCE donor cassette. The entire RMCE donor
cassette is flanked by transcriptional terminators that isolate the reporter from local transcription
events that might occur outside the reporter cassette. The barcodes are constructed by first
amplifying the promoter library with a primer that adds a random 20nt barcode downstream. We
subsequently clone the library of barcoded promoters into the RMCE donor plasmid and we use
paired-end, next-generation sequencing to map the relationships between barcodes and variants.
This approach allows us to identify promoters that contain sequence errors so that we may filter
them out of downstream analyses. Finally, we clone the constant RiboJ::sfGFP sequence between
the promoter and barcode. We engineered several other aspects of this cassette including
restriction-enzyme sites for high-efficiency cloning and a priming site downstream of the barcode
to facilitate reverse transcription and sequencing of the barcode.
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We designed a library of 12,288 σ70 promoters to explore every possible combination of
a set of 3 UP elements, 8 -35 regions, 8 spacer sequences, 8 -10 regions, and 8 background
sequences (Figure 2A). The UP13, -35, and -10 elements42 selected span a large range of previously
characterized activities. We chose to study these elements because they physically anchor RNAP
to the promoter43 and we were interested in deconstructing how they they individually and
cooperatively contribute to expression through this mechanism and others. We designed the
spacer sequences to have variable GC content and flexibility, which have been shown to influence
promoter expression10. Due to the position of the spacer between the -35 and -10 elements, we
hoped to capture unique effects between spacer variants and core promoters of variable quality.
Lastly, we extracted the backgrounds from non-promoter, intergenic regions of the E. coli genome
that vary in GC content. Although sequences within the promoter background have been
previously shown to modulate expression44–48, we varied this sequence primarily as a control to
see how consistent observations were between sequence contexts. In addition to our library of
σ70 promoter variants, we included 470 negative controls, which are intergenic regions that
appear to be transcriptionally quiescent in RNA-Seq studies49–51.This library was synthesized,
cloned, and integrated the library using this RMCE method into the nth-ydgR locus in the same
direction as the DNA replication (Figure 2B). We chose this locus due to its proximity to the
replication terminus which is present at a lower copy-number in rapidly dividing E. coli52,53. During
the barcode mapping stage, we found 351,275 unique promoter-barcode combinations. After
RMCE, we detected 318,825 (90.5%) of those barcodes using RNA and DNA-Seq. We also did not
see large distortions in the overall distribution of barcodes per variant or the number of DNA reads
per barcode before and after integration (Figure 2C, S2).

To measure the expression of each promoter, we grew the library to exponential phase in
defined media before extracting and sequencing both RNA and DNA barcodes. To account for
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differences in the abundance of each barcoded promoter, we calculated expression by
normalizing the number of RNA counts to the number of DNA counts for all barcodes mapped to
a single promoter (Figure 2D). In total, we performed three biological replicates in which the
promoter library was grown on three occasions in separate cultures before being processed for
RNA and DNA sequencing of the barcodes. In addition, we performed technical replicates of one
sample in which two RNA and DNA samples from a single culture of the library were processed
in parallel for sequencing. Expression of our promoter variants spanned a 100-fold range and
were highly consistent between biological replicates (R2=0.952, p < 2.2 x 10-16) (Figure 2E). In
addition, we observed a predictable segregation between our negative controls and promoter
variants containing consensus -10 and -35 elements. We found a large spread in promoter activity
even amongst those promoters containing consensus -10 and -35 sequences, with the strongest
promoter containing consensus -10 and -35 regions having 29.9-fold higher activity than the
weakest (Figure 3A). In general, for all data we see strong trends of closer to consensus -10 and
-35 regions generally increasing transcription strength of the promoters (Figure 3B). However,
there are many exceptions and the variance between promoters with identical UP, -10, and -35
regions can vary dramatically depending upon the the spacer and background sequences.

Promoter Activities can be Predicted by Sequence Element Combinations.

Our approach provides us with a unique, large-scale training set of robust, quantitative
measurements of promoter strength. A previously developed biophysical model of constitutive
σ70 activity was modestly predictive of expression, (R2=0.351, p < 2.2 x 10-16) (Figure S4).
Independent of thermodynamic prediction, we asked whether combinations of sequence
elements, as we define them, can be used to predict expression by training statistical models. We
first trained a multiple linear model on 50% of the promoter variants using the identities of the 117

10, -35, UP, Spacer, and Background as categorical variables and achieved an R2 = 0.395 (p < 2.2
x 10-16) on the remaining data (Figure S5A). Based on previous studies showing interaction
between the -10 and -35 regions14, we included an interaction term between the -10 and -35 region,
and R2 increased to 0.611 (p < 2.2 x 10-16) (Figure S5B). Previous studies of σ70 element
interactions have shown that these elements primarily modulate expression in a multiplicative
manner43, consistent with simple thermodynamic binding models of the -10 and -35 regions with
RNA polymerase42. Therefore, we hypothesized a multiple linear regression on log-transformed
data may adequately capture the relationship between promoter element composition and their
resulting expression. Indeed, the log-linear statistical models worked better both with (R2 = 0.799,
p < 2.2 x 10-16) and without the -10 and -35 interaction term (R2 = 0.596, p < 2.2 x 10-16) (Figures 4A
& S5C). ANOVA revealed that a vast majority of expression variance in our dataset (73.7%) and
the model’s power (90.9%) could be explained solely by the identity of the -10 and -35 elements
and the interactions between them (Figure 4B). The remaining terms added only 7.4% of the
variance explained, with approximately 19% of the variation in our dataset remaining unexplained.
While this may indicate these other elements affect promoter activity very little, the overall dataset
shows some patterns and the unexplained variance may be due to more complex cooperative
relationships between elements.

To address the possibility for more complex nonlinear interactions, we implemented a
simple neural network (NN) statistical model (Figure S6) with the hypothesis that these types of
networks may pull out more subtle effects of element combinations. When trained on 50% of our
data, the NN model was able to explain 95.5% (p < 2.2 x 10-16) of the variance in our dataset (Figure
4C). Surprisingly, by training on various proportions of our data we found that this neural network
explained 94.2% of the variation when trained on 20% of the data (Figure 4D), and even training
on 5% of the data produced NN models on par with our log-linear models (Figure S5D). The
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success of these NN models confirmed our hypothesis that while the -10 and -35 regions behave
in a fairly predictable manner, the remaining unexplained variance is likely due to more complex
relationships than can be easily captured by linear relations.

Identifying Complex Interactions Between Sequence Elements

Because of the difficulty in interpreting neural networks, we examined specific
combinations of elements to better understand these more complex relationships. Based on our
results from the linear model, we analyzed the relationship between -10 and -35 variants. A clear
trend emerged where the overall expression of the library increased as the -10 variant approached
the consensus sequence (Figure 5A). Despite this trend, the most active promoters consisted of
variants with consensus -35 sequences whose -10 sequence deviated from the consensus by a
single nucleotide. Pairwise analysis of all -10 and -35 combinations confirmed that for both
elements, expression was highest when one, but not both elements matched the consensus
(Figures 3B and 5B).

In addition to the -10 and -35 elements, the UP element is another point of physical contact
between RNAP and the promoter11,43. Considering this, we postulated that addition of an UP
element would serve a compensatory role for promoters with weak -10 and -35 elements. We
observed a clear trend where weaker promoters received the greatest benefit upon addition of
the consensus UP element (Figure 5C). In addition, we found several cases where promoters
decreased in expression upon receiving the UP element, and a majority of these promoters
contained the consensus -10 variant (Figure S7). It has been proposed that a strong UP element
may decrease transcription of some promoters by inhibiting promoter escape 13,54,which may
explain our observation. Despite the clear trend we observed, the consensus UP element had
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highly variable effects when added to different combinations of -10 and -35 elements (Figure 5D).
The weakest combinations of -10 and -35 elements did not receive the greatest increase in
expression upon addition of the consensus UP element. Instead, the strongest non-consensus 10 and -35 elements had the greatest increase and this effect weakened as these core elements
deviated further from the consensus. Also, addition of the consensus UP element enabled
expression from promoters with otherwise inactive -35 variants, which has not been observed in
the absence of an extended -10 motif (Figure S8)43,54.

The background sequences as we define them include many other regions known to
affect transcription, including the discriminator and initial transcribed region 26,44–48. We found
modest differences in the distribution of expression for each background, and this appeared to
be unrelated to background GC content (Figure 6A). However, expression of promoters with
consensus -10 and -35 elements varied between background suggesting that there exists contextspecific behavior amongst different compositions of core promoter elements. Further
investigation revealed that many different combinations of -10 and -35 elements have variable
expression between backgrounds, although the preferred promoters for each background are
mostly consistent (Figure S9). To determine whether the background exhibited nonlinear
interactions with promoter elements, we trained our neural network as before, but ignoring
background. Although background sequence only accounted for 1.1% of the variance in our
dataset according to the log-linear model, the performance of the neural network trained on 50%
of the data dropped notably (R2 = 0.87, p < 2.2 x 10-16) (Figure S10). This suggests that nonlinear
interactions with background sequences contribute a considerable amount to overall promoter
expression.
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Finally, the spacer element partitions the -10 and -35 elements and has been suggested
to contribute to expression through its GC nucleotide content10. We found a modest negative
correlation between GC content in the -20 to -13 region of the spacer and promoter expression (r
= -0.74, p = 0.036), though the effect size was small (Figure 6B). This may be due to reduced
flexibility of the spacer inhibiting RNAP association or GC hydrogen-bonding impeding promoter
melting10,55,56. One spacer variant, ECK726, had a unique effect in which it could stimulate
transcription amongst promoters with otherwise unviable -10 and -35 combinations (Figure S11).
Ultimately, we find evidence indicating that the -13 to -17 region of the spacer influences promoter
activity and there are likely sequence-specific effects involving particular segments or
nucleotides within the spacer.

Conclusions

The full relationship between 150 nucleotide sequences used here and promoter activity
can never be fully explored computationally, much less experimentally (4150 sequences). Building
mechanistic and statistical models allow us to break down this complexity into separable shorter
sequences that can be independently characterized and composed to predict function. The
results of our combinatorial promoter library show that expression of σ70 promoters is primarily
dictated by the identity of their -35 and -10 elements, which taken together are only 12 nucleotides
in length. We also show that substantial nonlinear relationships arise from interactions with other
sequence elements that can drastically alter expression. These nonlinear interactions can be
captured by simple neural network models trained only on small proportions of the dataset,
indicating that their effects can be accounted for through future study. However, it is likely that
our use of only a few sequences for each of the elements underestimates their full complexity.
Future work will focus on parameterizing how different sequences affect the strength of
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individual elements, quantifying the relationships between elements, and understanding the
mechanistic basis for these patterns. Through this exploration, we hope to build predictive
algorithms for promoter function that will be both useful for engineering purposes and the
analysis of promoter function and evolution in microbial populations.

The platform we developed here enables site-specific integration of large libraries of
reporter constructs in E. coli. Though we integrated over 300,000 unique promoter barcode
combinations, we expect the methods are easily scalable and compatible with interrogating
millions of variants. Furthermore, this approach should work for any of the many model systems
in which Cre-recombination is available57–59 and for a wide variety of reporter assay formats,
especially those which require single variants per cell. While the methods we use to generate
landing pads and perform the subsequent cassette exchange have been previously established,
to our knowledge we are the first to use them in this manner. Currently the process of cloning,
integrating, and measuring the expression of large promoter libraries can be completed at a
casual pace in six weeks and is amenable to rapid iteration. This platform should serve as an
efficient and versatile means to conduct multiplexed reporter assays in the future to deconstruct
the complex relationships between sequence and function.
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Figure 1. Recombination-mediated cassette exchange (RMCE) allows for high-efficiency
genomic integration. A) We developed a cre-lox based RMCE that utilizes a combination of
asymmetric (lox66 and lox71) and incompatible (lox and loxm2) loxP sites to allow for RMCE.
We tracked the cell population with flow cytometry during RMCE. Left: Population of cells
containing the mCherry landing pad engineered in the nth-ydgR locus prior to RMCE. Center:
After transformation and RMCE of constitutively expressed sfGFP library, but prior to selection,
both exchanged and unexchanged populations co-exist showing that an estimated two-thirds of
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the cells undergo RMCE. Right: Post-selection population shows 94.3% of the resultant
population contains the cassette (as measured by constitutive sfGFP expression) and loss of
the original landing pad mCherry expression. B) Expression of mCherry landing pads at six
previously characterized locations spanning the E. coli genome31. Arrows indicate the landing
pad orientation. C) Comparison of mCherry expression from the landing pad in both orientations
at the nth-ydgr locus.
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Figure 2. High-throughput quantification of σ70 promoter strength. A) We designed and
constructed a σ70 promoter library using an oligonucleotide microarray, and cloned the library
into a custom-made reporter construct. The reporter contains a promoter to be tested, a RiboJ
self-cleaving ribozyme sequence to standardize the reporter 5’ UTR, and an sfGFP coding
sequence followed by a 20 nt barcode in the 3’ UTR that identifies the promoter variant. The
exchange cassette also includes a constitutive kanamycin resistance marker downstream of
the reporter for selection purposes. B) Pooled promoters are uniquely barcoded using PCR,
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cloned into the exchange vector, and integrated into the E. coli nth-ydgR locus as a library. C)
Pre-integration barcodes are identified during mapping stage and integrated barcodes are
identified when quantifying promoter strength using RNA-Seq and DNAseq. We found 90.5% of
the barcodes that were observed in the mapping stage (blue histogram), were later observed in
the integrated library (red histogram), and the overall distributions remained similar. D)
Expression of each promoter is calculated as the sum of all RNA counts divided by the sum of
all DNA counts for all barcodes mapped to a given promoter. E) Promoter strength
measurements are highly correlated (R2=0.952, p < 2.2x10-16) between technical replicates and
discriminate between negative controls and promoters with consensus core elements.
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Figure 3. Expression levels for thousands of promoters A) We plot the expression of all the
promoters containing consensus -10 and -35 elements we measured in the library (red to blue is
an estimated 100 fold decrease in measured expression). Each block of 48 squares displays six
different backgrounds vertically against eight different spacer sequences horizontally. The three
blocks represent the UP element choices used. We did not display two backgrounds for space
and because they contained the most missing data but have included them in Figure S3. The
expression levels vary up to 29.9-fold based based on different background, spacer, and UP
element choices. B) We plot expression of 3,072 promoters with the 136x UP element in blocks
of 48 measurements (as in 3A), but now with all -10 (horizontal) and -35 (vertical) choices we
measured in our assay. Expression generally increases as the -10 and -35 elements approach
the consensus, yet like the consensus, there is variance amongst promoters with the same -10
and -35 elements. Promoter variants for which we could not detect more than four unique
barcodes were omitted from our analysis and are displayed as grey squares.
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Figure 4. Predictive modeling of σ70 promoter strength. A) We trained a log-linear model on
50% of the data, and the resultant predictions on the remaining data explain approximately 80%
of the variance in expression within our dataset. B) We analyzed the model by ANOVA and
found that approximately 73.7% of variance in promoter expression can be explained by the -10
and -35 elements (and their interaction). C) We also trained a simple neural network model and
found that the resultant predictions captured an estimated 95.5% of the promoter variance,
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indicating that these models are better able to capture more complex interactions between
sequence elements. D) We trained the same neural network models with 10-fold crossvalidation and show that we can effectively predict promoter expression when trained on as
little as 5% of the data. In 4A, 4C, and 4D, R2 is the coefficient of determination between
predicted and actual expression values on the held-out datasets.
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Figure 5. Identification of nonlinear interactions among promoter elements with direct RNAP
Interactions. A) We plot all promoters split by -10 element and colored by -35 element. The
overall promoter expression increases approaching the consensus -10 and -35, yet the
strongest expressing promoters with a consensus -10 tend not to be those with a consensus 35. B) The median expression of all promoters as a function of the -10 and -35 identity shows a
similar general trend towards increased expression as -10 and -35 gets closer to consensus.
However, median expression of promoters containing a combination of a consensus and
mutant -10 and -35 elements is higher than promoters containing both consensus sequences.
C) We plot the fold-change increase in expression due to the addition of the 326x UP element as
a function of the expression of the promoter without the UP element. Weaker promoters have
the greatest increase in expression upon addition of the consensus UP element. D) We show
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the median log2 fold-change in expression for all -10 and -35 element combinations upon
addition of the 326x UP element. On average, expression of promoters containing consensus 10 and -35 elements drops by 15%.
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Figure 6. Effects of background and spacers on expression. A) The distribution of expression
levels of promoters with different promoter backgrounds (boxplots) is similar yet consensus
promoters (red points) vary drastically across these same contexts. Backgrounds are arranged
from left to right by increasing GC content. B) The spacer GC content is negatively correlated
with promoter expression. Each point represents the median expression amongst active
promoters (RNA/DNA > 0.5) containing the indicated spacer. (r = -0.74, p =.036).
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Methods

Landing Pad Generation

Landing pad strains were constructed using lambda-RED recombination in previously identified
safe loci31,60. The landing pad construct (Figure S1) was assembled and flanked with one of six
pairs of homology arms, corresponding to each of the 6 landing pad locations. At the nth-ydgR
locus, two sets of homology arms were used to generate landing pads in the forward and
reverse orientation. The linear landing pad DNA was genomically engineered into E. coli
MG1655 K.12 harboring pTKRED (Genbank GU327533) following the published protocol 31, with
the exception of chloramphenicol being used for selection of successful recombinants. The
pTKRED plasmid was heat-cured from identified recombinants by growth at 42ºC on LB plates
with chloramphenicol (34 ug/mL).

Plasmid construction

The integration vector, pLibacceptorV2 (Figure S1) ( Addgene id: 106250), was designed to
include three primary components:

1) A library cloning site containing a selectable marker and flanked by mutant loxP sites
2) An arabinose-inducible Cre-Recombinase35
3) A heat-sensitive origin of replication37

The library cloning site was ordered from IDT as a G-Block. The arabinose-inducible Cre system
was amplified from pARC8-Cre35 and the temperature-sensitive origin of replication (tsORI) was
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amplified from pTKRED31,35. Fragments were assembled using a SGI-DNA Gibson Assembly®
HiFi HC 1-Step MasterMix (#GA1100-4X10M).

Landing Pad Integration Demonstration Using Flow Cytometry

Landing pad integration in Figure 1A was demonstrated by integrating a constitutively
expressed sfGFP into the E. coli nth-ydgR locus. First, a landing pad was engineered in the nthydgR locus of K12 MG1655 E. coli in the reverse orientation following the landing pad generation
protocol detailed above. A constitutively expressed sfGFP was cloned using restriction ligation
into the pLibacceptorV2 RMCE cassette and 100 ng of this plasmid was transformed into the
aforementioned landing pad strain and grown overnight at 30 ºC in 100 mL of LB + kanamycin
(25 ug/mL). The following day, 200 million cells (estimated by OD) were inoculated in 200 mL
LB + kanamycin (25 ug/ml) + .2% (g/mL) Arabinose and grown at 30ºC for 24 hours. From the
24 hours induced culture, 400 million cells were inoculated into separate 80 mL of LB +
kanamycin (25 ug/mL). Once culture was grown at 30 ºC for 2 hours (temperature permissive)
and the other was grown at 42 ºC (temperature impermissive) for approximately 1.5 hours
before both reached an OD600 ≈ .5. Similarly, 10 uL of the landing pad strain grown overnight
was seeded into 1 mL of LB + chloramphenicol (34 ug/mL) and grown at 30 ºC for 2 hours.
After reaching OD600 ≈ .5, each culture was placed at 4 ºC for 30 minutes before being diluted
1:100 in phosphate buffered saline pH 7.4 (Thermo Scientific #10010023) and analyzed by flow
cytometry using a BIO-RAD S3 Cell Sorter.

Landing Pad Location Effects on Expression
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To evaluate whether landing pad choice affects expression of constitutive promoters, several
landing pads (Figure S1) were engineered into six loci previously characterized by Kuhlman T.
and Cox E.31. To characterize expression at each landing pads, strains were grown overnight in 1
mL LB + chloramphenicol (34 ug/mL) at 37ºC. The following day, 10 uL of each culture was
seeded into separate 1 mL LB + chloramphenicol (34 ug/mL) cultures and grown for 1.5 hours
at 37 ºC before reaching OD600 ≈ .5. Upon reaching OD600 ≈ .5, cells were placed at 4 ºC for 30
minutes before being diluted 1:100 in 1 mL PBS and analyzed using flow cytometry.

Minimal Library Design

We designed a library of 12,288 σ70 promoters to explore every possible combination of a set of
3 UP elements, 8 -35 regions, 8 spacer sequences, 8 -10 regions, and 8 background sequences.
A complete list of sequences is listed in Supplementary Table 1.

The UP elements were identified by a modification of the SELEX procedure to identify proteinbinding sites11. Two elements were selected which increased transcription 136 and 326-fold in
vivo relative to the natural rrnb P1 UP element. An additional null (zero length) UP element was
used. We incorporated extra bases from the flanks of the background sequence to maintain
constant length for the entire library. We used eight -35 regions and eight -10 regions that were
previously designed to span a wide range of promoter activity for the E. coli lac promoter42.
These motifs were designed based on “information footprints” detailing the contribution of each
nucleotide at each position to promoter strength, learned from a library of approximately
200,000 lac promoters mutagenized in a 75 bp region containing the cAMP Receptor Protein
and RNAP binding sites18.
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Spacer sequences were designed to span a range of GC content and flexibility, which both have
been shown to influence promoter expression. Flexibility was calculated based on trinucleotide
parameters learned from nucleosome-binding data61. All spacers are 17 bp in length which is
considered to be the optimal length for σ70-dependent promoters10.

Backgrounds were extracted from the non-promoter regions of the genome. We randomly
selected eight 150 bp genomic regions that were at least 200 bp away from a transcription start
site on either strand. In addition, 470 negative controls were included - intergenic regions that
appear to be transcriptionally quiescent in RNA-Seq studies49–51.

We synthesized 120 bp of upstream promoter region, 1 bp for the transcription start site (TSS)
and 29 bp of the initial transcribed region (ITR) downstream of the TSS. Previous work has studied
the preferred starting nucleotide and location relative to the -10 region62. Based on this, we used
an “A” at the TSS and required 5 bp between the end of the -10 region and the TSS. The ITR is
taken from the 150 bp background sequence and not a specific promoter.

All combinations of the elements described above were synthesized, in addition to the negative
controls, resulting in 12,288 σ70 promoters. Relative motif location was maintained for each
sequence. An example promoter schematic has been included in the supplement (Figure S12).
Several restriction enzyme and priming sites were added to the termini for library amplification
and cloning. Any assembled promoter sequences containing these restriction enzymes were
removed.
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Supplementary Table 1. Minimal library design organized by sequence elements. The library
consisted on 12,288 unique σ70 promoters that consisted of a set of all possible combinations
for the following sequence elements: three UP elements, eight -35 regions, eight spacer
sequences, eight -10 regions, and eight background sequences.
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Minimal Library Cloning

The oligonucleotide library was constructed by Twist Biosciences and delivered lyophilized as a
26 pmol pool. The library was resuspended in 100 uL of TE pH 8.0 and 1 uL was amplified for 12
cycles using GU72 and GU116 with NEB Q5 High-Fidelity 2x Master Mix (#M0492L). Unless
otherwise stated, all amplifications were performed using this polymerase mixture. This product
was then ran on a 2% TAE agarose gel and approximately 200 bp amplicons were extracted
using a Zymoclean Gel DNA Recovery Kit (#D4008). For barcoding, 1 ng of this eluate was
amplified for 10 cycles using primers GU72 and GU73. Following cleaning using a Zymo Clean
and Concentrator Kit (#D40140), the library was digested using NEB’s SbfI-HF and XhoI.

The plasmid backbone, pLibacceptorV2 was digested using SbfI-HF and SalI-HF with the
addition of rSAP (NEB #M0371S). The digested library was ligated into pLibacceptorV2 using T7
DNA Ligase (NEB #M0318S), cloned into 5-alpha Electrocompetent E. coli (NEB #C2989K), and
plated on LB + kanamycin (25 ug/mL) yielding approximately 1.1 million colonies estimated by
plating concomitant dilution plates. After allowing for 24 hours of growth on plates, the library
was scraped and resuspended in LB, and then 800 million cells (based on OD600) were
inoculated in 450 mL LB + kanamycin (25 ug/mL) overnight. Unless stated otherwise, all
plasmids were isolated using a Qiagen Plasmid Plus Maxiprep Kit (#12963) and concentrated
using a Promega Wizard SV Gel and PCR Clean-up System (#A9281).

In order to clone the RiboJ::sfGFP reporter construct, the library was digested using NEB’s BsaIHF and NheI-HF with the addition of rSAP. The reporter construct was digested using NEB’s
BsaI-HF and NcoI-HF. Similarly to the previous cloning step, the reporter was cloned into the
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library using T7 DNA Ligase, cloned into 5-alpha electrocompetent E. coli, and plated on LB +
kanamycin (25 ug/mL), yielding 8 x 105 colonies. The completed plasmid library was isolated as
stated above.

Barcode Mapping

After cloning the barcoded library into pLibacceptorV2, we used Next-Generation Sequencing
(NGS) to map promoters to their respective barcodes. Sequencing libraries were prepared
through subsequent PCR reactions in which the first step adds custom sequencing primer sites
while the second step adds P5 and P7 illumina flow cell adapter sequences. To limit the
formation of chimeric species during amplification, we limit PCR to the exponential
amplification63 phase as determined by qPCR. Initially, the barcoded library was amplified for 12
cycles from 10 ng of isolated plasmid using primers GU79 and GU60. Following a DNA Clean-Up
using a Zymo Clean and Concentrator Kit, a second PCR was performed to add flow cell
adapters to the amplified library. This PCR used 1 ng of the previously amplified library and was
for 8 cycles with primers GU70 and one of either GU82 or GU83 for separately indexing
replicates. Samples were submitted to the UCLA Technology Center for Genomics and
Bioinformatics for sequencing using a 2x150 bp NextSeq 500. Between both replicates,
55,873,216 reads were acquired and used to determine promoter-barcode associations.

We next used the sequencing data to computationally map each promoter variant to its
corresponding barcodes. Demultiplexed reads were paired using Paired-End reAd mergeR
(PEAR v0.9.1, default settings). Custom python code was used to identify reads corresponding
to perfectly synthesized promoters and their respective barcodes. Briefly, this code searched
the first 150 bp of each read for perfect matches to library variants. For reads with perfect
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matches, the last 20 bp of each read (the barcode) was extracted and a list was compiled
mapping each barcode to the most frequently associated library variant. A single barcode
appears many times in the sequencing data, and we took steps to ensure a barcode
consistently mapped to the same variant. We required that all variants mapped to a single
barcode be within an edit distance (Levenshtein distance) of 5 from one another (five single bp
changes between the two sequences). We determined this number by bootstrapping a
distribution of the edit distance between any two random sequences in our variant library, and
setting the threshold to the first percentile (1%) of this bootstrapped distribution. Additionally,
each barcode had to appear at least three times in order to be considered for downstream
analysis, which we reasoned would eliminate barcodes which contained sequencing errors. Raw
sequencing data and promoter-barcode associations have been made available on NCBI’s Gene
Expression Omnibus (GEO Accession no. GSE108535).

Library Integration

The isolated plasmid library was digested with SalI-HF and NheI-HF to eliminate incompletely
cloned plasmid before transformation into electrocompetent MG1655 with a landing pad
engineered in the nth-ydgR locus and plating on LB + kanamycin (25 ug/mL), resulting in 16
Million colonies. Colonies were resuspended in LB and 800 million cells were inoculated into
250 mL LB + kanamycin (25 ug/mL) and grown overnight. Several 2 mL frozen aliquots were
made of this overnight culture.

The library was integrated into the nth-ydgR locus as follows. A frozen aliquot of MG1655 with a
landing pad engineered in the reverse orientation at the nth:ydgR locus was transformed with
the library and grown overnight in 200 mL LB + kanamycin (25 ug/mL). Following overnight
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growth, 400 million cells of this culture were seeded into 250 mL LB + kanamycin (25 ug/mL) +
0.2% arabinose (g/mL) and grown for 24 hours. After integration of the library, the plasmid
backbone was removed through heat-curing. From the 24 hour induced culture, 800 million cells
were inoculated into 80 mL of LB + kanamycin (25 ug/mL) and grown at 42 ºC for approximately
1.5 hours before reaching an OD600 =.3. Upon reaching exponential growth, 200 million cells
from this culture library were plated and grown for 16 hours at 42 ºC. Heat-cured plates were
scraped and resuspended in LB and 400 million cells were inoculated into 200 mL LB +
kanamycin (25 ug/mL). This culture, consisting of our integrated and heat-cured library, was
grown overnight at 37 ºC and several frozen 2 mL aliquots were made.

Library Growth and Sequencing Library Preparation

For each biological replicate, A 2 mL frozen aliquot of the library was inoculated in 200 mL
MOPS EZ-Rich Media (TEKNOVA #M2105) with .2% glucose (g/mL) and 25 ug/mL of kanamycin
and grown at 30 ºC overnight. The overnight culture was used to seed a new culture at OD600 =
.0005 and grown for approximately 5.5 hours at 37 ºC to an OD 600 = .5. The culture was rapidly
cooled to 0 ºC in an ice slurry for two minutes. Three 50 mL aliquots were pelleted at 4 ºC by
centrifugation at 13,000xg for two minutes and the supernatant was poured out before snapfreezing the pellets in liquid nitrogen. Three 5 mL aliquots were prepared using the same
approach.

RNA and DNA library preparation
RNA was extracted from 50 mL library pellets using a Qiagen RNEasy Midi kit (#75142) and 45
ug of each extract was concentrated using a Qiagen Minelute Cleanup Kit (#74204). Barcoded
cDNA was generated from 25 ug of each concentrated RNA extract using Thermo Fisher
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SuperScript IV (#18090010) primed with GU101. The manufacturer’s protocol was followed
aside from extending the reaction time to 1 hour at 52 ºC. The cDNA reaction was cleaned using
a Zymo Research DNA Clean and Concentrator kit (#D40140) before amplification. Barcoded
cDNA was amplified via PCR for 13 cycles using primers GU59 and GU102. This reaction was
cleaned using a Zymo Research DNA Clean and Concentrator Kit and 1 ng of this reaction was
used in a second PCR for indexing and addition of flow cell adapters. The second PCR was for 8
cycles and utilized primers GU102 and either GU61 or GU62.

gDNA was extracted from 5 mL cell library pellets using a Qiagen Gentra Puregene kit
(#158567). Barcoded DNA was amplified from 1 ug of gDNA via PCR for 14 cycles using
primers GU59 and GU60. The reaction was subsequently cleaned using a Zymo Research DNA
Clean and Concentrator kit. To add sequencing adapters and indices to the library, 1 ng of this
reaction was subject to a second PCR for 8 cycles using primers GU70 and either GU63 or
GU64. RNA and DNA sequencing libraries were cleaned using a Zymo Research Clean and
Concentrator Kit before quantification using an Agilent Tapestation.

In total, three biological replicates of the library RNA/DNA-seq were performed in which each
replicate was separately grown to log phase before sequencing library preparation. For one
biological replicate, two RNA/DNA extractions (technical replicates) were performed in parallel
and sequenced together. The RNA and DNA of the other two biological replicates were
sequenced altogether. All libraries were submitted to the Broad Stem Cell Research Center at
UCLA for sequencing on a HiSeq2500. Raw sequencing data and promoter expression
measurements have been made available on NCBI’s Gene Expression Omnibus (GEO Accession
no. GSE108535). For each sample, the following number of reads were acquired:
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Sample

Number of Reads

Biological Replicate #1-1 (DNA)

31,966,245

Biological Replicate #1-2 (DNA)

25,945,822

Biological Replicate #2 (DNA)

17,009,806

Biological Replicate #3 (DNA)

14,196,597

Biological Replicate #1-1 (RNA)

36,559,121

Biological Replicate #1-2 (RNA)

33,731,384

Biological Replicate #2 (RNA)

15,462,030

Biological Replicate #3 (RNA)

16,449,240

Barcode Measurement Processing

Barcode counts were extracted from demultiplexed replicate RNA and DNA reads using a
custom bash script. From each sequencing file, the first 20 nucleotides (containing the barcode)
were extracted, reverse complemented, and the counts for each unique sequence were
determined. Each file was read into R studio (Version 1.0.153). Read counts were normalized
using the following formula:

Normalized files were merged together based on common barcodes (dplyr package Version
0.7.2), generating a dataset containing normalized read counts for each barcode in each
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sample. This file was subsequently merged into the mapping file containing the list of barcodes
and their mapped promoter (available on GEO Accession no. GSE108535 as file
barcode_mapping.txt)

Promoter Expression Quantification

Barcodes mapped to common promoters were aggregated and promoters that had fewer than
four barcodes detected in either RNA or DNA sample amongst all replicates were removed from
analysis. Of the 12,849 mapped promoters, 11,368 passed this threshold. To calculate promoter
expression, promoter expression in each replicate RNA extraction was calculated as the sum of
all RNA counts divided by the sum of all DNA counts for all barcodes mapped to that promoter.

For the biological replicate in which technical replicates were performed, the mean expression
of the technical replicates was calculated before averaging this biological replicate with the
other two remaining biological replicates. This final average was used for all data analysis and
modeling.

Modeling

First, we randomly split our library of promoter variants into 50% training and 50% testing data
sets. We fit the linear model using the lm() function in R (stats package version 3.3.3). We
modeled expression based on the variant identity of each element and included an interaction
term for the -10 and -35 elements. We used the aov()function (stats package) to calculate the
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model variance and the variance explained by each sequence element was calculated as the
percentage of the sum of the squared deviation.

We used the R package nnet to fit our data to a single-hidden-layer neural network. The network
topology was structured as 30 input nodes, each representing an element variant, 10 nodes in
the hidden layer, and a single linear output node. The network was trained for 300 iterations with
weight decay set to .01. We performed 10-fold cross-validation using the same network trained
on different proportions of the training data, resampled between each fold and tested on the
remaining proportion of the training data.

The neural network visual was created in R using plot.nnet() (RPackage:’NeuralNetTools’),
updated to be compatible with neural networks generated by the ‘nnet’ R package. This update
is courtesy of (https://beckmw.wordpress.com/tag/nnet/).

We modified a previously developed mechanistic model of promoter activation that considers
the thermodynamic binding energy of RNAP to the lac promoter18,42. The RNAP model is specific
to the lac promoter and scores positions -41 to - 1 (where 0 denotes the transcription start site).
This model is summarized in an energy matrix, where each nucleotide at each position is an
experimentally determined energy value. The binding energy of RNAP to a specific sequence is
determined additively by the matrix values, where more positive values indicate less favorable
binding. The matrix contains an 18bp spacer, while our minimal library contains a 17bp spacer.
To accommodate this discrepancy, we do not score the spacer segment of our library and
compute a partial RNAP binding energy score. R. Brewster et al. implemented a thermodynamic
model based on the binding energy matrix developed by Kinney et al.18 which predicts
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expression based on the binding of RNAP. However, the different spacer length prevents us
from fully implementing their thermodynamic model.
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Supplementary Figure 1. RMCE Components. An example of a reversed-orientation landing pad
(top) showing the mCherry and catR (chloramphenicol resistance) bicistronic operon. Below that
we show the final donor plasmid containing the promoter reporter construct and the boundaries
of the cassette exchange. Components of the original integration vector, pLibacceptorV2 are
described in the methods. Abbreviations: homology arm (HA).
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Supplementary Figure 2. DNA sequencing reads are well distributed amongst integrated
variants. Here we plot the distribution of normalized DNA reads per variant. DNA read counts
for each barcode were converted to reads per million (RPM) and aggregated for each mapped
variant.
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Supplementary Figure 3. Global trends of promoter expression are consistent between UP
element variants. As in Figure 3B, we show that promoter expression increases as -10 and -35
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sequences approach the consensus. We include the two backgrounds omitted from Figure 3B
(bg432 and bg977) that show reduced mappings possibly due to inefficient oligo synthesis or
amplification with these backgrounds. Promoter variants for which we could not detect more
than four barcodes were omitted from our analysis and are displayed as grey squares.
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Supplementary Figure 4. Assessing external binding energy scores against expression. We
used a previously described binding energy matrix model of RNAP to the lac promoter to score
our minimal library. This model experimentally determined an energy matrix model representing
the interaction of RNAP and a promoter sequence of interest as a proxy for expression.
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Supplementary Figure 5. Alternative models to fit experimental data. A) We implemented a
basic linear model trained without a -10/-35 interaction term to predict promoter expression. B)
Inclusion of the interaction term increases the predictive capacity of linear models. C) Training
models on log-transformed data captures the multiplicative effects of sequence elements
thereby increasing performance. D) The neural network performs better than any linear model
even when trained on as little as 5% of the data. All linear models in this figure were trained on
50% of the data and tested on the remaining data.
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Supplementary Figure 6. Neural network schematic. The neural network is comprised of an
input layer containing 30 nodes, each representing one of the possible Backgrounds, UP
elements, -35 elements, spacer, or -10 element, and a single hidden layer containing 10 nodes.
This is a feed-forward network that implements a sigmoid activation function in the hidden layer
and a linear output function. Respectively, nodes I1-30, H1-10, B1-2, and O1 represent the input,
hidden, bias, and output nodes. The value of the weights connecting each node are represented
by their thickness.
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Supplementary Figure 7. Addition of the consensus UP element can negatively impact
expression of promoters containing a consensus -10 element. We determined the change in
expression due to the consensus UP element by dividing the expression of promoters with the
consensus UP by their expression without an UP element.
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Supplementary Figure 8. Promoters with consensus -10 but inactive -35 elements are rescued
by consensus UP element. The -10 (horizontal) and -35 (vertical) elements are ordered by
increasing median expression amongst promoters with the indicated variant. The two lowest
expressing -35 variants are inactive unless the consensus -10 and UP elements are present.
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Supplementary Figure 9. The activity of the core promoter is dependent on local sequence
context. Combinations of -10 and -35 elements have variable expression between backgrounds.
We separated the library by background and determined the median expression of all promoters
with each -10 and -35 combination.
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Supplementary Figure 10. Background sequences are an essential consideration when
predicting promoter expression. Here we show the performance of the neural network (as in
Figure 4C) trained on all sequence elements aside from the background sequence. The
coefficient of determination between predicted and actual expression drops from 0.955 to 0.87
when the background is not taken into account.
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Supplementary Figure 11. Spacer variant ECK726 permits transcription from promoters with
weak core elements. Here we show the median expression of each core promoter combination
amongst promoters with spacer variants ECK726 and ECK405, the spacer variant with the
strongest median expression. Element variants are arranged in order of median expression
amongst promoters containing the indicated variant.
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Supplementary Figure 12. Construction of σ70 variant library. Here we show an example of a
constructed variant with its components highlighted. Each variant is composed of a base
background sequence in which one of each UP element, Minus 35, Spacer, and Minus 10 were
superimposed at their respective positions. Variants without UP Elements maintained their
relevant background sequence. See methods for further details.
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Abstract

A crucial step towards engineering biological systems is the ability to precisely tune the genetic
response to environmental stimuli. In the case of Escherichia coli inducible promoters, our
incomplete understanding of the relationship between sequence composition and gene
expression hinders our ability to predictably control transcriptional responses. Here, we profile
the expression dynamics of 8,269 rationally designed, IPTG-inducible promoters that collectively
explore the individual and combinatorial effects of RNA polymerase and LacI repressor binding
site strengths. We then fit a statistical mechanics model to measured expression that accurately
models gene expression and reveals properties of theoretically optimal inducible promoters.
Furthermore, we characterize three novel promoter architectures and show that repositioning
binding sites within promoters influences the types of combinatorial effects observed between
promoter elements. In total, this approach enables us to deconstruct relationships between
inducible promoter elements and discover practical insights for engineering inducible promoters
with desirable characteristics.

Introduction

Inducible promoters are key regulators of cellular responses to external stimuli and popular
engineering targets for applications in metabolic flux optimization and biosensing 1–3. For
example, inducible systems have been designed to function as controlled cell factories for
chemical biosynthesis as well as non-invasive diagnostics for gut inflammation4,5. However, these
applications generally rely on synthetic inducible promoters that can elicit precisely
programmable responses, a quality that is not exhibited by native promoter systems. As a result,
there is a demand for new strategies to engineer customizable inducible promoters with desirable
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characteristics, such as minimal expression in the uninduced state (minimal leakiness) and
maximal difference between the induced and uninduced states (maximal fold-change). More
broadly, the design and analysis of synthetic inducible promoter function provides insight on the
biophysical processes driving gene regulation.

A variety of compelling approaches have been implemented to engineer inducible promoters,
however, these strategies have their shortcomings. Previous studies have had great success
implementing biophysical models to tune the relative behaviors of regulatory elements and
explain promoter expression, but these do not tell us how the repositioning of binding sites
influences expression6–10. Directed evolution is a promising strategy that leverages stepwise
random mutagenesis and selection to identify favorable promoters, but is generally limited to
optimizing within local, evolutionarily accessible sequence space11,12. While this ‘black box‘
approach can produce variants with the desired phenotype, it often requires iterative rounds of
library screenings12 and does not inform our ability to logically construct promoters. Lastly,
rational design is a promising approach based on the application of pre-existing mechanistic
knowledge of inducible systems to generate novel variants13,14. Although there is great potential
in rationally designed promoters for achieving specific applications, a caveat is that this approach
requires a fundamental understanding of how to engineer these systems.

Inducible promoters consist of cis-regulatory elements that work in concert with multiple transacting factors to determine overall expression output15,16. As such, a critical step toward learning
how to engineer these systems is to interrogate the combinatorial regulatory effects between
promoter-based elements. Years of studies on the inducible lacZYA promoter have revealed many
sequence-based factors influencing its regulation and expression. First, the binding affinities of
operator sites are critical elements in determining the activity of the repressor protein, LacI17,18.
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Second, the nucleotide spacing between operator sites is vital as looping-mediated repression is
dependent on repressor orientation17,19. Third, the positioning of the repressor sites relative to the
RNAP binding sites determine a variety of repression mechanisms and transcriptional
behaviors13,14. Fourth, the strength of the core promoter modulates RNA polymerase avidity and
thus resultant gene expression6. However, while previous studies have characterized these
modular sequence components individually, the combinatorial effects of these features on
promoter induction have yet to be explored.

Inspired by previous success in studying the combinatorial logic of E. coli promoters20, we sought
to address these obstacles by integrating rational design with high-throughput screening of large
DNA-encoded libraries. The recent development of massively-parallel reporter assays (MPRAs)
provides a framework for leveraging next-generation sequencing to measure cellular transcription
levels of large numbers of DNA sequence variants. This approach enables us to measure the
activity of thousands of synthetic sequences in a single, multiplexed experiment using
transcriptional barcodes as a readout20,21. Here, we implemented a genomically-encoded MPRA
system to interrogate thousands of rationally designed variants of the lacZYA promoter and
investigate relationships between inducible promoter components across four cis-regulatory
sequence architectures. We first explore the relationship between operator spacing and
repression at the lacUV5 promoter using a variety of transcriptional repressors. Next, we designed
and characterized 8,269 promoters composed of combinations of LacI repressor and RNAP
binding sites, exploring combinatorial interactions between elements and establishing
relationships that guide transcriptional behavior. Lastly, we isolated and further characterized
promoters with various levels of fold-change and leakiness that may be useful in synthetic
applications.
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Results

Repression by transcription factors is dependent on operator spacing

The lacZYA promoter is a classic model for gene regulation in E. coli, with many studies
investigating the relationship between sequence composition and induction properties. This
promoter contains two LacI dimer sites positioned at the proximal +11 and distal -82 positions
relative to the transcription start site (TSS) 22,23, which flank a set of σ70 -10 and -35 elements.
RNAP cooperatively binds these σ70 hexameric sequences and the relative binding affinity of
these elements determines the strength of the promoter 6,8. Conversely, the LacI operator sites
repress expression from the native lacZYA promoter when bound24. While LacI repressor bound
at the proximal site blocks RNAP binding as well as promoter escape, binding at the distal site
alone does not inhibit transcription and serves a more nuanced role in repression 25. When both
the proximal and distal sites are bound, LacI dimers at these sites can engage in a homotetrameric
protein interaction, tethering these sites together and forming a local DNA loop 18,26,27. This
‘repression loop’ further occludes RNAP binding, decreasing gene expression.

Studies exploring the formation of this repression loop have found that it is heavily dependent on
the spacing of the LacI operator sites relative to each other 28–30. Due to the helical nature of Bform DNA, which completes a full rotation roughly every 10.5 bp, as operator sites are placed at
various distances from one another along the DNA their relative orientation along the face of the
DNA helix changes as well. As a result, the ability of the distal site to engage in this repression
loop fluctuates as it is shifted across the promoter, with repression strength correlated with
helical phasing between the two operator sites28,29. In our effort to optimize the lacZYA promoter,
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we sought to validate the effect that operator spacing has on repression, as well as explore
whether other repressors follow this same phenomenon.

To explore this, we tested the relationship between spacing and repression for six transcription
factors (TFs) at the lacUV5 promoter: LacI, AraC, GalR, GlpR, LldR, and PurR. While only LacI27,29,31,
AraC32,33 and GalR34–38 have been experimentally shown to engage in DNA looping, there is
evidence that GlpR39, LldR40, and PurR26 may also be capable of this mechanism. Using reported,
natural binding sites for these transcription factors41, we designed 624 sequences assessing the
ability of these sites to repress a constitutive lacUV5 promoter across various operator spacings.
In our design, a proximal site for each transcription factor was centered at +12, to avoid sites
overlapping the transcription start site, and a series of variants were created in which the distal
operator site was centered at each position from -83 to -116 relative to the TSS (Figure 1A).
Furthermore, to quantify the effect of the individual sites, we tested variants where either the
proximal or distal site was replaced with a scrambled sequence variant that maintained the GC
content of each site. We grew this library in MOPS rich-defined media supplemented with 0.2%
glucose, a condition for which all transcription factors should be repressive, and measured
expression of all variants using a previously described MPRA 20 (Figure 1B). In brief we
synthesized each variant and engineered these promoters to express uniquely barcoded GFP
transcripts. Using recombination-mediated cassette exchange42, each barcoded variant was
singly integrated into the essQ-cspB intergenic locus of the E. coli genome, positioned near the
chromosomal midreplichore. We then grew the integrated libraries in rich, defined media and
quantified relative barcode expression levels by performing RNA-Seq of the transcribed barcodes
and normalizing transcript levels to DNA copy number as determined by DNA-Seq. Using this
assay, we recovered expression measurements for 615 (98.6%) of the variants we designed,
measuring an average of 70 unique barcodes per variant (Figure S1). These measurements
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exhibited a high degree of correlation between technical replicates (Figure 1C, r = 0.987, p < 2.2
x -1016).

We first explored the ability of these TFs to repress the lacUV5 promoter when placed in the
proximal position. To evaluate this, we compared the relative difference in expression between
variants with proximal sites to the lacUV5 promoter with LacI sites removed (Figure 1D). At this
position, repression varied across operators although the LldR and GlpR sites were entirely
ineffective. LacI exhibited the strongest level of repression in the proximal position at 2.62-fold,
which may be due to the strong binding affinity of the native proximal operator site22.

To gauge the performance of these repressors at each position in the distal site, we looked at
how expression changes as a function of increased distance from the proximal site. While LacI43
and AraC32,33 are known to exhibit a cyclic pattern of repression as the distance between operator
sites is increased, there are no direct measurements showing that GalR, GlpR, LldR, or PurR share
this phenomenon. First, we looked at the effect of moving the distal site across 33 nucleotides in
the absence of a functional proximal site (Figure 1E). We observed a uniformity of response
across all repressors tested, suggesting cyclic repression is a general phenomenon of many
transcription factors. Interestingly, several of these transcription factors alternated between
repression and activation effects on the promoter depending on their position. Conversely, AraC
binding sites gradually increased repression as they moved further upstream, with a significant
inverse relationship between operator distance and expression, though the effect size is small (p
= 2.19 x 10-5, ANOVA). To see whether these relationships would change when DNA looping was
possible, we evaluated the effect of moving the distal site when a proximal site was also present
(Figure 1F). To directly observe the impact of the distal site, we determined the expression at
each distal position relative to expression when only the proximal site was present. Coupled with
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a proximal site, a majority of tested transcription factors exhibited different repression patterns
as the distal site was moved further upstream. For AraC, GalR, and LacI the distal sites reduce
expression more with a proximal site present than without (AraC: 1.18-fold, p = 1.83 x 10-8, Welch’s
t-test; GalR: 1.35-fold, p = 2.82 x 10-11, Welch’s t-test; LacI: 1.37-fold, p = 4.65 x 10-14, Welch’s ttest). This enhanced repression by distal sites when a proximal site is present indicates the
existence of synergistic interactions between these sites. Furthermore, repression by these distal
sites followed a 10-11 bp periodicity as they were placed incrementally further from the proximal
site, which may indicate the formation of DNA loops at the lacUV5 promoter. LldR, PurR, and GlpR
distal sites did not show significantly enhanced ability to repress when a proximal site was
present (p > 0.4 in all cases, Welch’s t-test). Instead, these sites demonstrated similar levels of
repression across positions while a proximal site was present. Thus, we find that different
repressor systems exhibit unique relationships between operator spacings and repression,
highlighting the need to study these systems individually.

Tuning binding site strengths alters inducible promoter behavior

We deepened our investigation into the lacUV5 promoter to explore how the strength of RNAP
and LacI binding sites contribute to its behavior. In particular, we sought to learn how these sites
may be manipulated to generate lacUV5 variants with minimal leakiness and maximal foldchange, properties that are generally desired in synthetic applications. In previous work, we found
testing large libraries of promoters composed of various combinations of sequence elements
allows us to characterize the contribution of individual sequence elements and reveal interactions
between them20,44. We employed our MPRA strategy to uncover how tuning binding sites within
the lacUV5 promoter affects the fold-change and leakiness of this system. We designed and
assayed a library of 1,600 inducible promoters, which we refer to as Pcombo, composed of all
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possible combinations of one of ten proximal LacI binding sites at +11, four -10 elements, four 35 elements, and ten distal LacI sites at -90 (Figure 2A). To cover a wide range of expression, we
selected -10 and -35 element variants previously shown to span a range of RNAP binding
affinities6,20,44. Similarly, we chose a range of LacI binding site variants from well-characterized
genomic operator sites (O1, O3, Osym)10,18, a variant of the natural O2 site, O2-var, and a series of novel
LacI sites created from different combinations of the monomeric halves of each of these dimeric
binding sites (Table S2). While O1 is the naturally occurring operator site reported to have the
highest affinity for LacI, the synthetic Osym is a symmetrized variant with even higher affinity18,45.
Expression data for these variants was collected in both uninduced (0 mM IPTG) and fully induced
conditions (1 mM IPTG). We recovered expression measurements for 1,493 variants within this
library (93.3%) with an average of 9 barcodes measured per variant. We observed high expression
correlation between biological replicates in both the induced and uninduced conditions (Induced:
r = 0.945, p < 2.2 x 10-16, Uninduced: r = 0.955, p < 2.2 x 10-16, Welch’s t-test) (Figure S2A).

We first explored how the composition of sequence elements determined uninduced promoter
expression, or leakiness. Library variants exhibited a 267-fold range of expression in the
uninduced state, and even amongst variants containing the same core promoter σ70 elements
expression varied by up to 96-fold (Figure 2B). In this uninduced state, promoters composed of
the consensus -10/-35 elements exhibited the greatest leakiness, with up to 21-fold higher
average expression than that of promoters composed of weaker -10/-35 elements. Effective
repression generally required a strong LacI operator site, such as Osym and O1, in the proximal
position, especially amongst variants with consensus -10/-35 elements (Figure 2C).

Next, we compared induced and uninduced expression of each lacUV5 variant and observed a 40fold range of fold-changes in expression (Figure 2D). We determined the fold-change of variants
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by normalizing induced and uninduced measurements to negative controls in each condition and
then calculated the ratio of normalized induced expression to normalized uninduced expression.
Promoters consisting of the consensus -10 and -35 sites exhibited the highest fold-changes,
however, these values were highly variable depending on the variant’s operator site composition
(Figure 2E). Amongst promoters containing these core sites, we found that operators in the
proximal site were largely deterministic of fold-change, with promoters containing strong
operators (O1 and Osym) in the proximal site yielding 4.61-fold higher fold-changes on average than
promoters containing weak operators in the proximal site (p = 1.44 x 10-6, Welch’s t-test). We
attribute this to the importance of the downstream operator in blocking RNAP binding and
transcriptional initiation10,46. As expected, promoters containing Osym in the proximal site generally
drove the highest fold-change, however, pairing with another Osym in the distal site surprisingly
resulted in decreased fold-change relative to other variants. Notably, while the consensus core
promoter containing Osym in both the proximal and distal sites yielded a fold-change of 4.63, its
counterpart containing the weaker O1 variant in the proximal site drove an increased fold-change
of 8.97x. While the promoter containing Osym in both the proximal and distal sites had 1.77-fold
lower uninduced expression compared to its counterpart with a weaker O1 in the proximal site,
induced expression was also 3.43-fold lower (Figure S3A). Thus, having Osym in both the proximal
and distal sites decreased expression in the induced state by a larger magnitude than in the
uninduced state, resulting in lower fold-change. This demonstrates that simply using the
strongest binding elements available may not yield the highest fold-change levels.

Biophysical modeling of inducible promoter activity

We set out to elucidate this important point by combining our experimental measurements with
a statistical mechanical model of binding to clarify under what conditions optimal fold-change is
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achieved. We developed a statistical mechanical model of binding that could analyze the
thousands of promoter combinations to extrapolate under what conditions optimal fold-change
can be achieved. Moreover, this model may produce a trend that validates our finding that
combining the strongest RNAP sites (the consensus -35 and -10) with the strongest LacI sites (a
proximal and distal Osym) did not yield the largest fold-change. One possible explanation for this
observation is that even at 1 mM IPTG, a small number of active LacI are still active 47. While the
amount of time any repressor is expected to be active is small, the large binding affinity to Osym
sites may nevertheless enable measurable repression48,49.

To that end, we modeled this promoter architecture by enumerating the various promoter states
containing all combinations of RNAP binding, LacI binding, and LacI looping (Figure S4A). We
assume that all states where RNAP is bound and the proximal LacI site is not bound give rise to
gene expression rmax, whereas all other states have a small background level of gene expression
rmin9,50. The relative probability of each state is given by 𝑒 −𝛽𝐸 where 𝐸 equals the sum of all binding
free energies arising from binding or looping (Figure S4A). Upon summing the contributions from
all states, the average gene expression is given by:

𝐺𝑒𝑛𝑒 𝑒𝑥𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛 =

𝑟𝑚𝑖𝑛 (𝛷 − 𝑒−𝛽(𝐸−35 +𝐸−10 ) (1 + 𝑒−𝛽𝐸𝑑𝑖𝑠𝑡 )) + 𝑟𝑚𝑎𝑥 (𝑒−𝛽(𝐸−35 +𝐸−10 )(1 + 𝑒−𝛽𝐸𝑑𝑖𝑠𝑡 ))

𝛷

where

𝛷 = (1 + 𝑒 −𝛽(𝐸−35 +𝐸−10 ))(1 + 𝑒 −𝛽𝐸𝑑𝑖𝑠𝑡 + 𝑒 −𝛽𝐸𝑝𝑟𝑜𝑥 + 𝑒 −𝛽(𝐸𝑝𝑟𝑜𝑥 +𝐸𝑑𝑖𝑠𝑡 ) + 𝑒 −𝛽(𝐸𝑝𝑟𝑜𝑥 +𝐸𝑑𝑖𝑠𝑡 +𝐸𝑙𝑜𝑜𝑝 ) )
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represents the partition function (the sum of the Boltzmann weights for all states). This compact
form signifies that gene expression only arises when RNAP is bound (and contributes 𝐸−35 + 𝐸−10
to the free energy) and the distal LacI site is either unoccupied or occupied (adding free energy 0
or 𝐸𝑑𝑖𝑠𝑡 , respectively). We used this form of gene expression to infer the binding energies of each
promoter element and compared the resulting fits for the 1,493 different promoters in the
absence of IPTG (Figure 3A, parameter values in Figure S4B). Moreover, this model enables us
to extrapolate the gene expression for promoter architectures with arbitrary binding strengths
spanning the theoretical parameter space (Figure 3B).

With only slight modification, the above equation for gene expression can also be used to model
these same promoters at 1 mM IPTG. In the absence of IPTG, all repressors are in the active state,
in which they are capable of binding the promoter47. When 1 mM IPTG is added, only a small
𝑟𝑒𝑝𝑟𝑒𝑠𝑠𝑜𝑟

fraction, 𝑝𝑎𝑐𝑡

, of these repressors will be active. Hence the Boltzmann weights 𝑒 −𝛽𝐸𝑑𝑖𝑠𝑡 and

𝑒 −𝛽𝐸𝑝𝑟𝑜𝑥 of bound LacI, which are proportional to the number of active repressors, must all be
𝑟𝑒𝑝𝑟𝑒𝑠𝑠𝑜𝑟

multiplied by 𝑝𝑎𝑐𝑡

. This can be achieved by modifying:
𝑟𝑒𝑝𝑟𝑒𝑠𝑠𝑜𝑟

𝐸𝑑𝑖𝑠𝑡 → 𝐸𝑑𝑖𝑠𝑡 − 𝑘𝐵 𝑇𝑙𝑜𝑔(𝑝𝑎𝑐𝑡

)

𝑟𝑒𝑝𝑟𝑒𝑠𝑠𝑜𝑟

)

𝑟𝑒𝑝𝑟𝑒𝑠𝑠𝑜𝑟

)

𝐸𝑝𝑟𝑜𝑥 → 𝐸𝑝𝑟𝑜𝑥 − 𝑘𝐵 𝑇𝑙𝑜𝑔(𝑝𝑎𝑐𝑡

𝐸𝑙𝑜𝑜𝑝 → 𝐸𝑙𝑜𝑜𝑝 + 𝑘𝐵 𝑇 𝑙𝑜𝑔(𝑝𝑎𝑐𝑡

in the equation for gene expression above, where the last relation for the looping free energy
arises because looping corrects for the effective concentration of a singly bound repressor
binding with its other dimer. In summary, by introducing the single additional parameter
𝑟𝑒𝑝𝑟𝑒𝑠𝑠𝑜𝑟

𝑝𝑎𝑐𝑡

, we can extend our characterization of the 1,493 promoters in the absence of IPTG to

also include their gene expression at 1 mM IPTG.
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Figure 3A,B indicates fit gene expression aligns with our experimental measurements using the
𝑟𝑒𝑝𝑟𝑒𝑠𝑠𝑜𝑟

value 𝑝𝑎𝑐𝑡

=0.028 (R2 = 0.79, p < 2.2 x 10-16). This implies that 28 of every 1000 repressor

molecules are in the active state at 1 mM IPTG, or equivalently that each repressor fluctuates
sporadically between an active and inactive state but will on average spend 2.8% of the time in
the active state. We note that this value for the fraction of active repressors inferred from our
data is 28 times larger than a previously imputed value for
𝑟𝑒𝑝𝑟𝑒𝑠𝑠𝑜𝑟

Enforcing this previous value for 𝑝𝑎𝑐𝑡

𝑟𝑒𝑝𝑟𝑒𝑠𝑠𝑜𝑟

𝑝𝑎𝑐𝑡

=0.001 at 1 mM IPTG47.

while fitting the model resulted in comparable

parameter values (Figure S4C) and overall fit (R2 = .79, p < 2.2 x 10-16).

Given the gene expression in induced and uninduced states, we could now explore how foldchange changes as a function of the LacI site binding energies. Returning to our earlier result, we
confirmed using the consensus -35/-10 RNAP binding site together with a proximal and distal
Osym (binding energy −2.4𝑘𝐵 𝑇; Figure S4B) for LacI leads to suboptimal fold-change (Figure 3C).
As we hypothesized, these repressor binding sites are sufficiently strong to overcome the small
amount of active repressors per cell, leading to reduced gene expression even at 1 mM IPTG
(Figure 3B). Instead, the promoter architecture that maximizes fold-change couples the strong 10 and -35 RNAP elements with near-maximal LacI operator site strengths that are sufficiently
strong enough to repress in the absence of IPTG but not in the presence of saturating IPTG.

Alternative IPTG-inducible promoter architectures exhibit different behaviors in induced and
uninduced conditions

We next explored whether alternative promoter architectures could exhibit higher fold-change and
reduced leakiness compared to the canonical lacUV5 architecture. Previous work has
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demonstrated that varying the architecture, or the positioning of operator sites, within inducible
systems can alter the input-output response to IPTG14,51. However, we lack the understanding of
promoter sequence-function relationships necessary to systematically design novel promoter
architecture variants with desirable behaviors. Instead, we leveraged our multiplexed screening
approach to engineer novel inducible promoter architectures. By screening large numbers of
variants, we explored the sequence space around three rationally-designed architectures,
allowing us to identify desirable variants as well as learn how binding site strengths relate to
activity in each design.

Additional operator sites can promote or reduce induction response

Based on our previous characterization of the 1,600 Pcombo variants, we speculated whether an
additional distal operator site could improve the fold-change of promoters. In particular, we
expected that an additional distal site would enhance repression by increasing the likelihood of
loop formation. To investigate this, we synthesized and tested 2,000 lacUV5 variants within a
library we call Pmultiple. This library resembled Pcombo except for the inclusion of an additional
modular LacI binding site, which we refer to as the ‘distal+’ site, immediately upstream of the
distal binding site. The final design was composed of each combination of five distal+ operator
sites, five distal operator sites, four -10 elements, four - 35 elements, and five proximal operator
sites for a total of 2,000 variants (Figure 4A, top). Using our MPRA, we measured expression for
1,638 of these variants (81.9%) in the absence of IPTG and at 1 mM IPTG with an average of 8-9
barcodes measured per variant (Figure S2B). To determine the effect of the distal+ site in this
architecture, we compared the fold-change of each Pmultiple variant to Pcombo variants
composed of the same distal, -35, -10, and proximal sites. We limited our analysis to studying
promoters with consensus core promoter elements as well as an O1 or Osym proximal site to best
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capture the repressive effects of the distal+ element. We found that the effect of adding the
distal+ site to the Pcombo architecture spanned a 5.4-fold range where fold-change either
increases or decreases depending on distal site identity (Figure 4A, bottom). We observed that a
strong distal+ operator site is consistently able to compensate for a weak distal operator site to
decrease leakiness and improve fold-change. The greatest effect was observed when adding an
O1 distal+ site to the variants with the weakest distal operator, O3, resulting in a 2.93-fold increase
in fold-change. However, when the distal site was already strong, adding a distal+ operator
actually decreased the fold-change in expression. Upon further investigation, we found that in
these cases where a strong distal site was already present, the addition of a strong distal+ site
actually increased leakiness and induced expression of the system, suggesting that the distal+
site may be inhibiting repression of the promoter by the distal site (Figure S5A,S5B). Thus, we
conclude that additional distal operator sites can improve the fold-change of inducible systems
by reducing the uninduced expression, however, they can have negative effects if they lead to
competition with another strong distal site.

Changing mode of repression alters activity independent of sequence element composition

Next, we explored how the repositioning of operator sites influences repression of the lacUV5
promoter. A previous work indicated operator sites placed within the spacer region, the segment
of DNA between the -10 and -35 elements, enabled strong repression13. Notably, this positions
the operator such that it directly competes with RNAP binding. Furthermore, this architecture is
desirable for synthetic applications as it avoids placing operators within coding sequences and
5’ UTRs, which is the case for promoters with operators at the proximal site14. To explore this
concept in depth, we synthesized Pspacer, a library of 4,400 variants containing all combinations
of five distal operator sites, four -35 elements, four -10 elements, and five spacer operator sites
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(Figure 4B, top). Because this spacer region is 17 bp and the LacI operators we use are 21 bp,
operator sequences were truncated by 2 bp at their termini so as not to overlap the -10 and -35
motifs. In order to determine optimal spacing between the distal and spacer operator sites, we
also tested these combinations with inter-operator distances between 46 and 56 bp. We
recovered expression data for 3,769 (85.7%) of these variants in the absence of IPTG and at 1
mM IPTG with an average of 7 barcodes per variant (Figure S2C). The distance between the
spacer and distal operator sites did not appear to significantly affect the fold-change of the
promoters at the p < 0.05 threshold (ANOVA), which may be because some of the tested
distances were insufficient to enable the formation of DNA loops 17,43 (Figure S6A, S6B).

With all operator spacings tested appearing equivalent, we subset our analysis to variants with
an inter-operator distance of 55 bp, which is reportedly amenable to looping43. Similarly to variants
with the Pcombo architecture, we only observed strong induced expression with promoters
containing -10 and -35 elements resembling the consensus (Figure S6C). To see how this change
in architecture altered the performance of these promoters, we compared Pspacer variants to
respective Pcombo promoters composed of the same cis-regulatory elements. Surprisingly,
promoters with the Pspacer architecture had on average 2.16-fold higher uninduced and 1.93-fold
higher induced expression (Figure 4B, bottom). This may be because fewer repressed states are
possible in this architecture, thereby pushing the system to be more active. Alternatively, this
increased expression may be due to greater spacer %AT content within spacer LacI
sites20,52(Table S3). Despite these higher expression values, Pspacer variants had comparable
levels of fold-change to corresponding variants of the Pcombo architecture (Figure 4B, bottom).

Altering RNAP binding contacts
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Finally, we explored whether altering the RNAP contacts could modify the behavior of inducible
systems. Although all promoters we have tested thus far were designed to contact the RNAP
through the σ70 -35 and -10 hexamer elements, previous reports have suggested that it may be
possible to engineer promoters lacking -35 elements53,54. In these cases, it is proposed that
additional compensatory binding sites for transcription factors or the RNAP are necessary to
recruit RNAP and enable transcription. In addition to the -35 and -10 motifs, RNAP binding may
be enhanced by an extended -10 TGn55,56 motif as well as an AT-rich UP element57,58 upstream of
the -35, stabilizing RNAP through contacts with the α-subunit. However, it is not yet clear these
additional points of contact are sufficient to compensate for the lack of a -35 element.

We synthesized and tested a library of 1,600 lacUV5 variants, called Psteric, containing every
combination of four -10 elements, five core operator sites centered at -26 in place of the -35
element, five proximal operator sites, and four UP elements in the presence or absence of an
extended -10 motif (Figure 4C, top). Furthermore, we positioned the proximal operator site
centered at either the canonical +11 position or at the +30 position. At the +30 position, the
proximal operator is 56 nucleotides away from the core operator, which is near an optimal
distance for repression loop formation29. We recovered expression data for 1,369 of these
variants (85.6%) in the absence of IPTG and at 1 mM IPTG with an average of 8 barcodes per
variant (Figure S2D). We first examined library variants lacking functional LacI operator sites to
see whether any combinations of -10 elements, extended -10 elements, and UP elements could
yield functional promoters. Although weak or no transcription was detected from promoters with
only a -10 element, we found addition of an UP-element and extended -10 dramatically increased
expression, with up to 13-fold greater expression than promoters containing just a consensus 10 (Figure S7A). Interestingly, these sites had little effect on their own and we could only detect
a significant effect when both UP element and extended -10 motifs were included. Thus,
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promoters designed with this architecture could drive expression in a cell, enabling novel
inducible promoter architectures.

Next, we explored which operator placements within this architecture enabled inducible promoter
systems. First, we found variants with the highest fold-change were constructed with proximal
operator sites located at the +30 position relative to the TSS (Figure S7B). Second, we found the
inducibility of such a promoter relies on the presence of an UP element, an extended -10, and a
strong -10 motif. When all three of these elements are present, promoters of this architecture
appear to exhibit up to a 11.8-fold response to IPTG (Figure 4C, bottom). Despite the apparent
viability of this architecture, we found that the highest expressing promoters generally contained
Oscram or O1 core operator sites (Figure S7C). In these cases, we found operator sites contained
partial matches to the -35 motif, although they were not placed in the optimal position relative to
the -10 motif (Figure S7D). However, several comparatively weak but functional variants were
recovered that do not appear to contain any cryptic -35 elements (Figure S7C), thereby
demonstrating that it is possible to engineer inducible promoters lacking this key motif.

Comparison of optimized alternative lacUV5 promoter architectures.

To gauge how each of our alternative promoter architectures perform relative to one another, we
compared the distributions of fold-changes between variants in each library. To focus our
analysis on inducible variants, we limited our analysis to the variants in each library with foldchange > 2. Of the thousands of promoters tested with each architecture, relatively few were
capable of induction, highlighting the surprising difficulty in engineering these systems. We find
that each architecture generated promoters with similarly wide ranges of uninduced expression,
induced expression, and fold-changes (Figure 4D, Table S8). However, overall comparisons
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revealed significant differences in the properties of these distinct architectures. In particular,
Pcombo variants exhibited significantly higher uninduced expression compared to Psteric
variants, while Pspacer variants exhibited significantly higher uninduced expression compared to
Pmultiple and Psteric variants (p < 0.05, Two-sided Mann-Whitney U-test with BenjaminiHochberg correction). Additionally, Psteric variants exhibited significantly lower fold-changes and
induced expression compared to Pcombo, Pmultiple, and Pspacer variants (p < 0.04, Two-sided
Mann-Whitney U-test with Benjamini-Hochberg correction).

Validation of functional inducible variants using a fluorescent reporter

Ultimately, we sought to identify inducible promoter variants within each library that were superior
to the canonical lacUV5 promoter. From each of the four libraries, we identified promoter
sequences exhibiting high fold-change with low leakiness and individually integrated these
variants into the essQ-cspB locus of E. coli MG1655. To evaluate the fold-change in expression of
these promoters, we used flow cytometry to measure expression of a sfGFP reporter gene at both
the uninduced (0 mM IPTG) and fully induced state (1 mM IPTG) (Figure 5). All variants exhibited
improved fold-change compared to lacUV5 (min: 9.5x, max: 21.0x, lacUV5: 4.1x) and a majority
displayed distinct separation between the uninduced and induced states. In particular, variants of
Pmultiple exhibited fold-changes more than 5-fold higher than lacUV5. Many variants, especially
the Psteric promoters, exhibited low leakiness while maintaining comparable induced expression.
Activity measurements using flow cytometry were well-correlated with MPRA measurements
(Induced: r = 0.701, Uninduced: r = 0.981, Fold-change: r = 0.885) (Figure S8). Lastly, we
determined whether these architectures resulted in different input-output relationships in
response to IPTG induction. To test this, we measured GFP expression of these eight lacUV5
variants at six IPTG concentrations in triplicate spanning 3 orders of magnitude (0, 0.001, 0.005,
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0.01, 0.1, 1 mM) using a Tecan plate reader (Figure S9). We observe that the fold-change across
all eight promoters followed similar trends, beginning induction at similar concentrations of IPTG
(0.01 mM IPTG) and generally saturating at 1 mM IPTG. In all cases, variants exhibited far greater
levels of fold-change compared to lacUV5. Overall, our multiplexed exploration of rationally design
variants allowed us to engineer novel promoters with reduced leakiness and higher fold-changes
compared to lacUV5.

Discussion

While current methods for tuning inducible systems involve arbitrarily manipulating operator sites
and core promoter elements, these approaches tend to provide little insight into the combinatorial
interactions modulating expression. Here, we implemented a MPRA to measure gene expression
of nearly 9,000 different promoter variants, learning the design logic for multiple PlacZYA
sequence architectures. We find the induction of the canonical lac promoter largely depends on
a complex interplay between the repressor sites and the core promoter. Notably, RNA polymerase
and repressors compete for binding, such that promoters containing near-consensus -35 and -10
σ70 elements are functionally irrepressible unless matched with correspondingly strong
repressor sites. However, as in previous studies, we observe the strongest repressor sites may
even repress in the presence of inducer, reducing gene expression fold-change. We developed a
thermodynamic model for this architecture which demonstrated how sufficiently strong LacI
binding sites can reduce gene expression even in the presence of saturating inducer. Both the
model and our empirical measurements agree that large fold-change is achieved by using strong
RNAP binding elements (e.g. the consensus -35 and -10 sequences) together with the strongest
Osym operator in the distal site and the second strongest O1 operator in the proximal site.
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Beyond studying interactions between elements within the canonical lacZYA promoter
architecture, our investigation of different promoter architectures revealed striking interactions
between repressor sites and core promoter elements, uncovering several characteristics of
optimal promoters. In our study of the Pmultiple architecture we found that adding an upstream
distal+ repressor site could compensate for weaker distal sites, however, if an already strong
distal site was present, addition of a distal+ site would inhibit repression of the promoter through
an unknown mechanism. Secondly, we showed that repositioning repressor sites in the Pspacer
architecture increased overall uninduced and induced expression levels relative to equivalent
promoters in the Pcombo architecture, however, this did not alter the overall fold-change of the
promoters. Lastly, our studies of the Psteric architecture show that it is possible to engineer
promoters lacking -35 elements, although these promoters require UP, extended -10, and nearconsensus -10 elements to be functional.

Ultimately, this systems analysis of inducible promoter regulation demonstrates the utility of
combining rational design with large-scale multiplexed assays. Testing sequence libraries in
multiplexed formats enabled exploration of a wide distribution of functional designs as well as
the discovery of promoter variants with desirable properties. Additionally, this high-throughput
assay provides a reliable means for exploring the effects of variation across distant regions of
the functional sequence landscape, which can reveal novel insights into promoter mechanisms
and sequence-function relationships.
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Figure 1) Identifying optimal spacing for repressors at lacUV5 promoter. A) We designed a library
of lacUV5 variants to test repressor effects when the distal site was moved 32 nucleotides
upstream at 1 bp increments. If repressors bind along the same face of the DNA helix, repression
loop formation may occur, thereby preventing RNAP association with the promoter. B) MPRA for
measuring promoter activity of up to hundreds of thousands of synthesized variants. Pooled
promoter variants are engineered to expression uniquely barcoded sfGFP transcripts, singly
integrated into the essQ-cspB locus of the E. coli genome, and characterized by quantitative RNA-
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Seq of the barcodes. C) Comparison of expression measurements between biological replicates
grown in MOPS rich-defined medium supplemented with 0.2% glucose (r = 0.987, p < 2.2 x 10-16).
D) Expression when proximal site is added relative to expression of lacUV5 without repressor
sites. E) Relative expression as each distal site is moved upstream in the absence of a proximal
site relative to lacUV5 without repressors. Thick lines denote the fit using locally weighted
polynomial regression. Thin lines connect data points at sequential intervals. F) Relative
expression as the distal site is moved upstream when the proximal site is present relative to
expression of the proximal-only variant.
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Figure 2) Tuning binding site strengths alters inducible promoter behavior. A) Pcombo library
schematic consists of all combinations of one of ten proximal LacI binding sites, four -10
elements, four -35 elements, and ten distal LacI sites. B) Uninduced expression for all assayed
Pcombo variants. Grid positions for the -10 and -35 motifs are arranged from weakest tested
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sequence to the consensus (-10:TATAAT and -35:TTGACA). Gray boxes indicate sequences
which were not measured by the assay. C) Uninduced expression for assayed Pcombo variants
containing a consensus core promoter. D) Fold-change for all assayed Pcombo variants. Foldchange is determined by the ratio of expression at 1 mM IPTG relative to 0 mM IPTG. E) Foldchange for all assayed Pcombo variants containing a consensus core promoter.
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Figure 3) Thermodynamic modeling of lacUV5 promoter architecture. A) Correlation between
actual lacUV5 variant expression and expression fit by our thermodynamic model (R2 = 0.79, p <
2.2 x 10-16). B) Induced and uninduced gene expression across the distal and proximal site binding
energy parameter space. C) Fold-change (FC) in gene expression as a function of distal and
proximal binding site energies. In Panels B and C, each dot represents experimental data whereas
the grid lines denotes the inferred expression of a promoter with the proximal (E proximal) and distal
(Edistal) LacI binding energy shown.
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Figure 4) Optimizing alternative IPTG-inducible promoter architectures. A) Top: Design for
Pmultiple library. Bottom: The average effect of the distal+ site (rows) on fold-change given the
distal site (column). Here we examine consensus -10/-35 promoters containing O1 or Osym in the
proximal site. B) Top: Design for Pspacer library. Bottom: Comparison of uninduced expression,
induced expression, and fold-change between variants composed of the same sequence
elements in the Pspacer and Pcombo architectures (Two-sided Mann-Whitney U-tests). We
examined only active promoters containing a consensus -10 and/or -35 sequence. C) Top: Psteric
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library design. Bottom: The fold-change of promoters containing O1 in both the core and proximal
sites and a 56 bp inter-operator distance. Here we examine the effect of the -10 element in
conjunction with the strongest UP and extended -10 element combinations. D) Distributions of
uninduced expression, induced expression, and fold-change for variants with log2(fold-change) >
0 in each library. Dashed line separates active from inactive sequences and is set as the median
of the negative controls + 2*median absolute deviation (Two-sided Mann-Whitney U-tests with
Benjamini-Hochberg correction, ‘*’ = p < 0.05, ‘**’ = p < 0.01, ‘***’ = p < 0.001).
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Figure 5) Characterization of functional inducible variants using a fluorescent reporter.
Fluorescence measurements of selected variants for induced and uninduced states determined
using flow cytometry. Fold-change of each variant was estimated after background subtracting
induced and uninduced expression. “-” represents the promoter in uninduced state while “+”
represents induction after 1 mM IPTG.
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MATERIALS AND METHODS
Promoter Library Design
Transcription factor spacing
A library of 624 variants were created to test the effects of altering spacing between LacI, AraC,
GalR, GlpR, LldR, and PurR operator sites. The core promoter PlacL8-UV5, is the endogenous
lacZYA promoter region with L8 and L29 mutations in the CAP site to render it catabolite
insensitive (-55 C->T, -66G->A) as well as UV5 mutations in the -10 region to increase activity (-9,8 GT->AA)59–61. Pairs of 23 bp operator sites were acquired from endogenous loci reported by
RegulonDB41 (ver 8.0) (Table S1). For sites under 23 bp in length, the surrounding sequence of
the native genomic context was included. In all cases, the downstream site found at the
endogenous loci, with respect to the regulated promoter orientation, was used as a proximal site
in our designs while the upstream sequence was used as the distal site. For each pair of operator
sites, a series of variants were designed where the proximal operator was centered at +12
(spanning +1 to +23) and the distal operator varied from positions -83 to -116. Similar series of
variants were also designed in which the sequence of the proximal site or distal site was shuffled
to obviate activity of the operator.
Pcombo
A library of 1,600 lacUV5 variants composed of each combination of 10 proximal operator sites,
10 distal operator sites, four -10 elements, and four -35 elements was designed. The operator
sites were selected to span a wide range of lacI binding affinities (Table S2). These consisted of
two native LacI operators (O1 and O3) and a variant of the native O2 lac operator with three
mutations (O2-var). Additionally, Osym and six other synthetic operators (O1:R-sym, O2:L-sym, O2:R-sym, O3:Lsym

, O3:R-sym) were used with the latter being designed by creating palindromic sequences based

on either the left or right halves of each native sequence. Lastly, a scrambled operator (O scram)
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composed of a random scrambling of the O1 sequence served as a negative control. The -10 and
-35 sites were selected to span a range of binding affinities for RNA Polymerase and obtained
from a previous characterization6,8,20 (Table S4, S5). Each variant was composed of a
combination of these elements placed onto catabolite insensitive (L8, L29 mutant), lacZYA
promoter with the proximal site placed at +11 and the distal site placed at -90, which was found
to enable strong loopinging in the assay of transcription factor spacing.

Pmultiple
A library of 2,000 lacUV5 variants composed of each combination of one of five distal+ operator
sites, five distal operator sites, five proximal operator sites, four -10 elements, and four -35
elements was designed. The O1, O3, O2-var, Osym, and Oscram operators from the Pcombo library were
selected as the five operator sites for testing. Additionally, the same -10 and -35 elements from
the Pcombo library were selected. This library was constructed with sequence elements placed
in the same positions as the Pcombo library, with the exception of the distal+ sequence being
placed immediately upstream of the distal site.

Pspacer
A library of 4,400 lacUV5 variants composed of each combination of five distal operator sites,
four -35 elements, four -10 elements, and five spacer operator sites was designed. In order to fit
the 17-bp spacer region, two base pairs were trimmed from each end of the spacer operator sites
(Table S2). The same operators, -10 elements, and -35 elements from the Pmultiple library were
selected. Lastly, the distal operator site was tested at 10 different spacings relative to the core
promoter, ranging from 20-30 bp from the 5’ most end of the -35 element. These 20-30 bp
spacings resulted in inter-operator distance of 46-56 bp.
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Psteric
A library of 800 lacUV5 variants composed of each combination of four -10 elements, five core
LacI sites centered at -26, five proximal operator sites, and one of four UP elements in the
presence or absence of an extended -10 motif was designed. The same operator sites and -10
elements from the Pmultiple library were selected. Proximal operator sites were and tested when
centered at both the +11 and +30 positions relative to the TSS. The UP elements selected were
obtained from a previous characterization and range in their abilities to enhance transcription20,62
(Table S6). Additionally, the extended -10 element TGG was used as this is the most commonly
found version of an extended -1056.

Library Cloning

The library was synthesized by Agilent and then resuspended in 100 uL of elution buffer before
cloning into plasmid pLibacceptorV2 (Addgene ID no. 106250). The transcription factor spacing
library was ordered separate from the other libraries, which were altogether synthesized and
tested in a multiplexed pool. First, the library was amplified with KAPA SYBR FAST qPCR Master
Mix (#KK4600) utilizing primers GU 132 and GU 133 at 10 uM to determine Cq values. Afterwards,
the library was amplified with NEBNext® Q5® Hot Start HiFi PCR Master Mix (#M0543S) at 11
cycles using primers GU 132 and GU 133 as well, in triplicate. Replicates were pooled, then
cleaned with Zymo Clean and Concentrator Kit (#D40140).

To barcode the library, each library was amplified with NEBNext® Q5® Hot Start HiFi PCR Master
Mix (#M0543S) for 10 cycles using primers GU 132 and GU 134. Library ends were then digested
with SbfI-HF (NEB #R3642S) and XhoI (NEB #R0146S) by incubating at 37oC for 1.5 hours. The
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plasmid vector, pLibAcceptorV2, was first maxi-prepped with QIAGEN Plasmid Maxi Kit (#12162),
concentrated with a Promega Wizard SV Gel and PCR Clean-up System (#A9281), and digested
with SbfI-HF (NEB #R3642S), SalI-HF (NEB #R3138S), and rSAP (NEB #M0371S) for 1.5 hours at
37oC. Insert (library) and vector (pLibAcceptorV2) were ligated using T7 DNA Ligase (NEB
#M0318S), incubating at room temperature for 1 hour. The plasmid was then transformed into
DH5α electrocompetent E. coli cells (New England Biolabs C2989K) and plated for 24 hours at
30oC on LB + kanamycin (25 ug/mL) agar plates. These plates were then harvested in 5 mL of LB
and 400x106 cells (based on OD600) were grown overnight in 450 mL LB + kanamycin (25 ug/mL).
This plasmid, consisting of the library cloned into pLibacceptorV2, was isolated and concentrated
in the same method as described earlier.

To clone RiboJ::sfGFP into the plasmid, RiboJ::sfGFP was first amplified with NEBNext® Q5® Hot
Start HiFi PCR Master Mix (#M0543S) for 25 cycles using primers GU 99 and GU 100 at 10 uM.
This amplicon was then digested with BsaI-HF (NEB # R3535) and NcoI-HF (NEB #R3193S) for
1.5 hours at 37oC. pLib was digested with BsaI-HF (NEB # R3535) and NheI (NEB# R3131S). pLib
vector was then ligated with the GFP insert using T7 DNA Ligase (NEB #M0318S), incubating at
room temperature for 1 hour. This plasmid was next transformed into DH5α electrocompetent
cells and plated for 24 hours of growth at 30oC as well, yielding “pLib_sfGFP” plasmid after maxiprep.

Library Integration
The pLib_sfGFP plasmid was first digested with SalI-HF (NEB #R3138S) and NheI (NEB# R3131S)
to remove background. This was then transformed into the landing pad strain, an engineered 20 E.
coli MG1655 derivative (Yale Coli Genetic Stock Center no. 6300), and grown overnight for 24
hours at 30oC. The following day, plates were scraped and 800 million cells in 200 mL of LB + kan
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(25ug/mL)

was

inoculated

overnight

at

30oC.

For library integration, glycerol stocks of landing pad strain with the integration plasmid were
grown overnight in 200 mL + kan (25 ug/mL) at 30oC. 200 million cells from this overnight culture
was inoculated the next day into 250 mL LB + 0.2% arabinose + 25 ug/ml Kan at 30oC for 24 hours
to induce recombination. The following day, 800 million cells of induced overnight was inoculated
into 80 mL LB + 25 ug/mL Kan at 42oC for heat cure. This was grown to log phase (OD 0.3-0.7)
for about 1.5 hours. 200 million cells from this log phase culture were plated at 42 oC for 16 hours
in undiluted, 10-5, and 10-6 dilutions. Plates grown overnight were then scraped, and 400 million
cells inoculated into 200 mL LB + Kan 25 ug/mL for overnight growth at 37oC. Ultimately, this was
plated again at 30oC to validate integration (GFP instead of mCherry) and then glycerol stocked
after colony PCR for further confirmation.

Barcode Mapping
The promoter and barcode region from pLib were prepared for sequencing and downstream
mapping of the barcodes to their respective variants. Two PCRs were performed to prepare pLib
samples for sequencing, the first of which adds sites for the sequencing primer whereas the
second PCR adds the adaptors for Illumina sequencing and a unique index DNA label. Each
barcode mapping was performed in duplicate.

For the first PCR, the library was amplified with KAPA SYBR FAST qPCR Master Mix (#KK4600)
with primers GU 60 and GU 79 at 5 uM to determine Cq values. Afterwards, the library was
amplified with NEBNext® Q5® Hot Start HiFi PCR Master Mix (#M0543S) at 11 cycles using
primers GU 60 and GU 79 at 5 uM as well in triplicate. Replicates were pooled, then cleaned with
Zymo Clean and Concentrator Kit (#D40140), eluting into 10 uL of Ultra-pure H2O.
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For the second PCR, illumina adapters P7, P5, and a unique DNA index were added. The product
from the first PCR was amplified with primers GU 70 and GU 86 at 5 uM to determine Cq values.
Afterwards, the library was amplified with NEBNext® Q5® Hot Start HiFi PCR Master Mix
(#M0543S) at 10 cycles using primers GU 70 and GU 86 at 5 uM. Since different primers add
different indices to each sample, we re-ran the second PCR with a different set of primers to serve
as redundancy and allow us to compare sequencing replicates. This process was repeated in a
separate PCR, with primers GU 70 and GU 87 also at 5 uM.

Ultimately, each technical replicate was performed in duplicate, cleaned with Zymo Clean and
Concentrator Kit (#D40140), and ran on a 1.0% agarose gel for final confirmation. After quality
assessment, samples were sequenced on an Illumina Nextseq 500 using a Paired end 300-cycle
kit (2x150 bp). Barcodes were mapped to their respective promoter variants using the pipeline
from Urtecho et al. 201820. In brief, paired-end reads are merged using PEAR63 (version 0.9.1). We
then extract the first 150 bp of each read, which encodes the promoter variant, as well as the last
20 bp encoding the barcode and generate a list of barcode-variant associations. Finally, we
perform additional filtering steps for quality control purposes.

Library Growth and Sequencing Preparation
Library pellets were prepared in both Induced and Uninduced conditions. First, glycerol stocks
were inoculated in 100 mL of MOPS with 0.2% glucose + kanamycin (25 ug/mL) at 30 oC for 16
hours overnight. The following day, the overnight culture was diluted to OD 0.0005, inoculated
into 200 mL MOPS + kanamycin (25 ug/mL) with 0.2% glucose, and grown at 37oC to OD 0.5-0.55
(about 5 hours) both with 1 mM IPTG and without.
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To harvest RNA pellets, the culture was first cooled for two minutes in an ice slurry while
periodically swirling. For each sample, three 50 mL aliquots of culture were poured into pre-chilled
tubes and spun for two minutes at 13000xg at 4oC. The supernatant was poured off. RNA was
extracted from E. coli pellets using Qiagen RNEasy Midiprep kit (#75142). We performed technical
replicates of this extraction (separate RNA extractions of the same culture) with the operator
spacing library and biological replicates (Different cultures grown in parallel before separately
extracting). Subsequent wash steps concentrated isolated RNA with Qiagen Minelute Cleanup Kit
(#74204). Next, isolated RNA was converted to cDNA with Thermo Fisher SuperScript IV
(#18090010) following manufacturer’s directions.

To harvest gDNA pellets, 5 mL samples of each culture were then spun down for four min @
5000xg. Supernatant was then poured out. DNA from each pellet was then isolated with Zymo
Research ZR Plasmid Miniprep Kit (#D4015) for use as normalization.

The barcoded cDNA was amplified with NEBNext® Q5® Hot Start HiFi PCR Master Mix
(#M0543S) from 1 ug of gDNA for 14 cycles with primers GU 59 and GU 60 at 5uM. The product
was cleaned with Zymo Clean and Concentrator Kit (#D40140). 1 ng of this sample was amplified
again for 10 cycles with primers GU 65-68 and GU 70 for indexing, yielding 8 total samples;
technical replicates for induced and uninduced cDNA, and induced and uninduced gDNA. Both
prepared DNA and RNA library samples were quantified with Agilent Tapestation, then sent for
sequencing on HiSeq2500 (SE 50-cycle) to the Broad Stem Cell Research Center at UCLA

Data processing
Following RNA-Seq and DNA-Seq of the barcodes, we quantify the relative abundance of each
barcode. Demultiplexed RNA and DNA reads for each biological replicate were converted to
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counts of each barcode via a custom bash script that extracts barcode sequences from individual
reads and counts the number of observed reads for each barcode. These barcode counts were
normalized using the following formula:
𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑟𝑒𝑎𝑑 𝑐𝑜𝑢𝑛𝑡𝑠 =

𝑏𝑎𝑟𝑐𝑜𝑑𝑒 𝑟𝑒𝑎𝑑 𝑐𝑜𝑢𝑛𝑡𝑠
𝑥 106
𝑡𝑜𝑡𝑎𝑙 𝑠𝑎𝑚𝑝𝑙𝑒 𝑟𝑒𝑎𝑑𝑠

Normalized read counts were then merged by common barcode to yield a comprehensive data
frame containing normalized read counts for each barcode in each replicate. This dataframe was
then merged with the barcode mapping data to map normalized read counts to their
corresponding promoter. Multiple barcodes could map to a single promoter, thereby providing
replicability, and any promoter that contained fewer than 3 barcodes in any sample were removed.
After this filtering step, promoter expression for each replicate was calculated using the following
formula:
𝑃𝑟𝑜𝑚𝑜𝑡𝑒𝑟 𝐸𝑥𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛 =

𝛴(𝑅𝑁𝐴 𝑐𝑜𝑢𝑛𝑡𝑠 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑝𝑟𝑜𝑚𝑜𝑡𝑒𝑟 𝑏𝑎𝑟𝑐𝑜𝑑𝑒𝑠)
𝛴(𝐷𝑁𝐴 𝑐𝑜𝑢𝑛𝑡𝑠 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑝𝑟𝑜𝑚𝑜𝑡𝑒𝑟 𝑏𝑎𝑟𝑐𝑜𝑑𝑒𝑠)

To normalize promoter expression between induced and uninduced samples, expression of each
promoter was normalized to the median negative control promoter expression in its respective
biological replicate. Lastly, the mean expression of the biological replicates was calculated to
obtain final expression values for the induced and uninduced conditions.

Thermodynamic model of gene expression
For the Pcombo library, initial guesses for the binding energies of each LacI operator site were
used as inputs and refined when fitting a statistical mechanics model to the Pcombo promoter
expression data. The coefficient of determination (R2) between fit and actual gene expression
values was calculated using log10-transformed values to reduce the effects of large expression
outliers.

207

Code Availability
The Mathematica notebook used for the thermodynamic model as well as all code for recreating
plots are available at: https://github.com/timcyu/inducible_architecture .

Individual Promoter Variant Cloning
Two promoters were selected from each of the libraries, yielding eight total promoters in addition
to two controls (a constitutive promoter and UV5). Individual promoter variants were selected
from our library of variants based on the highest fold-change (Induced over uninduced
expression) and fold-change:noise ratio (fold-change over uninduced expression). These
sequences were ordered from IDT as gBlocks® Gene Fragments. Full RiboJ:sfGFP was PCR
isolated from the original library. Since promoters were to be measured individually, we did not
include a barcode in synthesis. Plasmid vector, pLibacceptorV2 was linearized with SbfI-HF (NEB
#R3642S) and SalI-HF (NEB #R3138S).

After synthesis by IDT, promoters were amplified using primers GU 142, GU 89, and NEBNext®
Q5® Hot Start HiFi PCR Master Mix (#M0543S). Each reporter was assembled with Gibson
Assembly® Master Mix (NEB #E2611S) using 30 bp overlaps between the plasmid
pLibAcceptorV2, the promoter, and RiboJ:sfGFP. Each assembled reporter was separately
transformed into E. coli DH5α Chemically Competent E. coli (NEB #C2987H) yielding 10 total
transformed E. coli strains containing their respective promoter, RiboJ:sfGFP, and Kanamycin
antibiotic resistance. Afterwards, the promoter and downstream GFP segment were sequenced
from isolated colonies using the same set of primers, GU 142 and GU89, to confirm correct
constructs. All products were cleaned with Zymo Clean and Concentrator Kit (#D40140) except
for pLibAcceptorV2, which was cleaned with Promega Wizard SV Gel and PCR Clean-up System
(#A9281) after DNA isolation with QIAGEN Plasmid Maxi Kit (#12162).
208

Individual Promoter Variant Integration
E. coli strains containing library members were grown overnight for 16 hours in 5 mL of Luria
Broth and kanamycin (25 mg/uL). Afterwards, the plasmid was isolated using Zymo ZR Plasmid
Miniprep Kit (#D4054) formed into an electrocompetent MG1655 containing an engineered
landing pad within the essQ-cspB intergenic locus20 and plated on LB and kanamycin (25 μg/mL)
at 30°C. Two colonies per promoter were resuspended in LB, and inoculated into 5 mL of LB +
kanamycin (25 μg/mL) for overnight growth.

Each promoter was separately integrated into the essQ-cspB locus using Cre-Lox mediated
cassette exchange. Following overnight growth, cells of this culture were inoculated into 5 mL of
LB, kanamycin (25 μg/mL), and 0.2% arabinose (g/mL) and grown for 24 hours to induce
integration of the reporter cassette. After integration of the reporter cassette through the
arabinose-induced Cre system, residual plasmid was removed through heat-curing. 200 million
cells were inoculated into 3 mL of LB and kanamycin (25 μg/mL) and grown at 42°C for about 1.5
hours to reach log phase (OD 0.3-0.7). After this growth, cells were diluted to 10^-4 and plated on
LB + kanamycin (25 ug/mL) plates overnight at 42°C to complete the heat-curing process.

Plate Reader Assay
Glycerol stocks for each promoter were scraped and inoculated into liquid cultures containing
MOPS EZ-Rich Media (TEKNOVA #M2105) and 25 ug/mL of kanamycin at 30oC for overnight
growth in 5 mL disposable culture tubes. The following day, each promoter was diluted to OD
0.005 in 500 uL of MOPS EZ-Rich Media (TEKNOVA #M2105) with 0.2% glucose (g/mL) and 25
ug/mL of kanamycin and set up for plate reader analysis in triplicates across an IPTG gradient: 0,
0.001, 0.005, 0.01, 0.1, 1 mM. After samples were grown for five hours at 37 oC, 100uL aliquots
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were transferred into 96-Well Flat Bottom Microplates. Measurements were taken for
wavelengths 650 nm (measures OD) and 520 nm (measures GFP) on the Tecan Infinite M1000
Pro No.30064852 plate reader. Data was analyzed in Excel with the four reads per time point per
well averaged and divided by the OD measurement to calculate the GFP fluorescence.

Flow Cytometry
Glycerol stocks for each promoter were first scraped and inoculated into liquid cultures
containing MOPS EZ-Rich Media (TEKNOVA #M2105) and 25 ug/mL of kanamycin at 30oC for
overnight growth. The following day, cells grown overnight were diluted to an OD of 0.002 in MOPS
EZ-Rich Media (TEKNOVA #M2105) with 0.2% glucose (g/mL) and 25 ug/mL of kanamycin at
30oC. These cells were then transferred to 100 mL flasks all containing 15 mL of MOPS EZ-Rich
Media + 0.2% glucose. 1 mM IPTG + 25 ug/mL kanamycin were added to the “Induced” cultures
whereas 25 ug/mL kanamycin was added to the “Uninduced” cultures. These cultures were then
grown at 37oC for 3.5 hours. 5 mL of each sample was spun down, the supernatant was decanted,
and the cell pellets were resuspended in 1 mL PBS (GIBCO® PBS Phosphate-Buffered Saline
10010023). 1 mL of each sample was filtered into a Falcon 5 mL Polystyrene Round-Bottom Tube
with Cell-Strainer Cap. E. coli MG1655 was used as a negative control for GFP expression while a
constitutively active library member was used as positive. Data was collected using a BioRad S3
Cell Sorter and analyzed in FlowJo (version 10.0.8r1). Fold-change was calculated by dividing the
median GFP fluorescence of the induced samples by the median fluorescence of the induced
samples.
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Figure S1) Distribution of the number of unique barcodes for operator spacing variants. We
recovered promoter activity data for 615 of the 624 (98.6%) variants in the operator spacing
library. On average, we measured the expression of 70 unique barcodes per variant.
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Figure S2) Distributions of unique barcode sequences and correlations between biological
replicates. Library quality statistics for A) Pcombo B) Pmultiple C) Pspacer D) Psteric. All variants
in each library show strong correlation between biological replicates (p < 2.2 x 10-16).
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Figure S3) Optimal repressor binding sites in the Pcombo library is conditional based on the
identity of the core promoter. A) Expression ranges of variants containing consensus -10,
consensus -35, and proximal Osym. Promoters containing Osym in both the proximal and distal sites
have weaker induced expression compared with promoters containing proximal Osym and a
weaker distal site. B) Fold-change for Pcombo variants containing one of the consensus -10/-35
elements coupled with a near consensus -10/-35 element. The best operator combination by foldchange differs when either the -10 or -35 element is mutated, suggesting an interplay between
the repressor sites and core promoter strength.
213

Figure S4) A thermodynamic model for lacUV5. A) Thermodynamic states of lacUV5 architecture
and their corresponding Boltzmann weights. The probability that the system is in each state is
proportional to the relative values of the Boltzmann weights. The system is assumed to elicit a
background level of gene expression (GE) given by r min unless RNAP is bound with no repressor
bound to the proximal site, in which case a larger level of promoter activity rmax is evoked. B) Bestfit parameter values inferred by fitting this model to the 1,600 promoters with this architecture,
simultaneously considering their gene expression with and without 1mM IPTG. C) Best-fit
𝑟𝑒𝑝𝑟𝑒𝑠𝑠𝑜𝑟

parameter values inferred when 𝑝𝑎𝑐𝑡

at 1 mM IPTG is manually set to its previously reported

value 0.001.
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Figure S5) Effect of distal+ site on induced and uninduced expression in the Pmultiple library.
A) Change in uninduced expression of Pmultiple variants with proximal O1 (left) and Osym (right)
relative to their Pcombo counterparts. B) Change in induced expression of Pmultiple variants with
proximal O1 (left) and Osym (right) relative to their Pcombo counterparts.
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Figure S6) Fold-induction and induced expression are modulated by the strengths of repressor
sites and the identity of the core promoter in the Pspacer library. A) Fold-change of spacer and
distal combinations at each operator spacing for Pspacer variants containing the consensus core
promoter. An inter-operator distance of 55 bp yielded consistent and strong repression across all
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combinations of functional operators. B) Distribution of fold-changes for each distance between
operator sites show little effect due to operator distance. C) Mean induced expression for each
combination of -10 and -35 combinations amongst Pspacer library variants.
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Figure S7) Operator site distance and composition influence Psteric architecture viability. A)
Uninduced expression for promoters containing proximal and core Oscram sites, split by
combination of UP element and extended -10 motif. B) Psteric variants with high fold-change are
only observed when containing a proximal site centered at +30, resulting in a 56 bp spacing
between operator sites. C) Strongly expressed Psteric variants primarily contained core operator
sites containing partial matches to the -35 motif, despite not being in the optimal position relative
to the -10 motif. D) Potential -35 motif sequence and spacing for each core operator site.
LacOscram and LacO1 operator sites contain 4/6 bases matching the -35 motif, although these
matches are positioned at non-optimal spacer lengths.
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Figure S8) Correlations between flow cytometry and RNA-Seq. A-C) Comparison of RNA-Seq
and flow cytometry measurements for promoters individually characterized in Figure 5. Strong
Pearson correlations are reported between fold-change (r = 0.885, p = 0.001), induced expression
(r = 0.701, p = 0.03), and uninduced expression (r = 0.981, p = 3.3 x 10-6) measurements for flow
cytometry and RNA-seq. Moderately strong Spearman correlations are also reported between
fold-change (ρ = 0.533, p = 0.15), induced expression (ρ = 0.6, p = 0.10), and uninduced (ρ = 0.65,
p = 0.07) measurements for flow cytometry and RNA-seq.
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Figure S9) Architecture input-output relationships following IPTG induction. Input-output
response to IPTG for variants from each architecture compared to lacUV5 and a constitutively
active variant (Constitutive).
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TF

Distal site (5’>3’)

Proximal site (5’>3’)

Source
Operon

LacI

GGGCAGTGAGCGCAACGCAATTA

GAATTGTGAGCGGATAACAATTT

lacZYA

GalR

TCTTGTGTAAACGATTCCACTAA

TACCGGTGGTAGCGGTTACATTG

galETKM

AraC

GAAGAAACCAATTGTCCATATTG

CCATAGCATTTTTATCCATAAGA

araBAD

PurR

GTTGAGGAAAACGATTGGCTGAA

TTTAAGCAAACGGTGATTTTGAA

purA

GlpR

AAAATGTTCAAAATGACGCATGA

AAATGGTAAAAAACGAACTTCAG

glpTQ

LldR

AAGAATTGGCCCTACCAATTCTT

CACAATTGGCAGTGCCACTTTTA

lldPRD

Supplementary Table 1) Transcription factor binding sites to test operator spacings.
Sequences were acquired from RegulonDB40.
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Operator Variant

Sequence(5’>3’)

Inferred Binding energy (KbT)

O1

AATTGTGAGCGGATAACAATT

-0.4

O2-var

AAATTGTAGCGAGTAACAACC

2.9

O3

GGCAGTGAGCGCAACGCAATT

2.0

Osym

AAATTGTGAGCGCTCACAATT

-2.4

Oscram

TTAACGGTGTGCATAATAGAA

∞

O1rightsym

AATTGTTATCGGATAACAATT

2.8

O2rightsym

AAATGTGAGCCGCTCACATTT

1.4

O2leftsym

GGTTGTTACTCAGTAACAACC

4.7

O3rightsym

AATTGCGTTGGCAACGCAATT

3.9

O3leftsym

GGCAGTGAGCGGCTCACTGCC

3.2

O1-spacer

TTGTGAGCGGATAACAA

---

O2-var-spacer

ATTGTAGCGAGTAACAA

---

O3-spacer

CAGTGAGCGCAACGCAA

---

Osym-spacer

ATTGTGAGCGCTCACAA

---

Oscram-spacer

AACGGTGTGCATAATAG

---
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Supplementary Table 2) Operator site sequences and binding energies. Operator sequences
used to assemble libraries.
Operator Variant

Sequence (5’>3’)

%AT-content

O1-spacer

TTGTGAGCGGATAACAA

58.8%

O2-var-spacer

ATTGTAGCGAGTAACAA

64.7%

O3-spacer

CAGTGAGCGCAACGCAA

58.8%

Osym-spacer

ATTGTGAGCGCTCACAA

52.9%

Oscram-spacer

AACGGTGTGCATAATAG

58.8%

WT lacUV5 spacer

TTTATGCTTCCGGCTCG

47.1%

Supplementary Table 3) Pspacer operator sites and %AT content. Operator sites used in
Pspacer Library.

-35 element name

Sequence (5’>3’)

minus35cons

TTGACA

minus35_31A_32C

TTGCAA

minus35_33T

TTTACA

minus35_30C_33T

TTTACC

Supplementary Table 4) -35 element sequences used in this work. These -35 sequences for
RNAP recognition were previously reported and result in a wide range of binding affinities.
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-10 element name

Sequence (5’>3’)

minus10cons

TATAAT

minus10_12G

GATAAT

minus10_12A

AATAAT

minus10_7A

TATAAA

Supplementary Table 5) -10 element sequences used in this work. These -10 sequences for
RNAP recognition were previously reported and result in a wide range of binding affinities.

UP element name

Sequence (5’>3’)

up_326x

GGAAAATTTTTTTTCAAAAGTA

up_136x

GAAAATATATTTTTCAAAAGTA

up_69x

AGAAAATTATTTTAAATTTCCT

no_up

AGCTCATTCATTAGGCACCCCA

Supplementary Table 6) UP element sequences. UP elements used in this work to generate
function promoters lacking -35 elements.
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Primer

Sequence (5’>3’)

GU 59

CATGTTGTCCACTCCAATCGGTGATGGTCCTG

GU 60

GTAATAGCTAAATCCCACCCGATGCCTGCAGG

GU 65

CAAGCAGAAGACGGCATACGAGAT CGAATG CATGTTGTCCACTCCAATCG

GU 66

CAAGCAGAAGACGGCATACGAGAT CTATGC CATGTTGTCCACTCCAATCG

GU 67

CAAGCAGAAGACGGCATACGAGAT GCTAGT CATGTTGTCCACTCCAATCG

GU 68

CAAGCAGAAGACGGCATACGAGAT GTACTG CATGTTGTCCACTCCAATCG

GU 70

AATGATACGGCGACCACCGAGATCTACACGTAATAGCTAAATCCCACCCGATGC

GU 79

CGTGCATAGTGCCATGTTATCCCTGAAGTCGAG

GU 86

CAAGCAGAAGACGGCATACGAGAT GCTAGT CGTGCATAGTGCCATGTTATC

GU 87

CAAGCAGAAGACGGCATACGAGAT GTACTG CGTGCATAGTGCCATGTTATC

GU 89

CATAGCCGAATAGCCTCTCCACC

GU 99

GCGATTGGTCTCACTAGAGCTGTC

GU 100

GGTCAGCCATGGTTATTTGTACAGTTC

GU 102

AATGATACGGCGACCACCGAGATCTACAC

GU 132

TGTCAGGCATATTATCCGCT

GU 133

CGGTTTATGGGTGTTATCGC

GU 134

TCGTATCCCTGCAGGNNNNNNNNNNNNNNNNNNNNGCATGTGAGACCCGGTTTAT
GGGTGTTATCGC

GU 142

GGTCCAGTGCCATGTTATCCCTGAAGT

Supplementary Table 7) Primers used in the study. See methods for description of primer
usage
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Library name

Uninduced expression

Induced expression

Fold-change

Pcombo
(N = 1493)

Min: 0.284

Min: 0.126

Min: 0.222

Max: 75.7

Max: 57.0

Max: 8.97

Range: 267x

Range: 453x

Range: 40.4x

Min: 0.0838

Min: 0.0567

Min: 0.132

Max: 193

Max: 183

Max: 15.6

Range: 2300x

Range: 3230x

Range: 118x

Min: 0.0888

Min: 0.159

Min: 0.174

Max: 85.6

Max: 74.3

Max: 16.6

Range: 963x

Range: 467x

Range: 95.2x

Min: 0.164

Min: 0.135

Min: 0.217

Max: 33.3

Max: 23.3

Max: 11.8

Range: 202x

Range: 173x

Range: 54.3x

Pspacer
(N = 3769)

Pmultiple
(N = 1638)

Psteric
(N = 1369)

Supplementary Table 8) Library range statistics. Reported statistics amongst all promoters
characterized in each library.
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Chapter 6

Closing Remarks

A long, yet hopeful road to learn the language of promoter sequences
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We implemented an approach to systematically understand promoter activity in E. coli chasing
three objectives: 1) Discovering genomic promoter sequences 2) Identifying sequence elements
within these promoters 3) Learning how sequence elements collectively determine the strength
of a promoter. The first project, worked towards the foundation of this approach by screening
hundreds of thousands of sequences from the E. coli genome, identifying 2,859 sequences
exhibiting promoter activity in LB. Furthermore, we challenge the second objective of this
approach by using a mutagenesis screening approach to dissect the sequence elements within
2,057 of these promoters. The second project challenged the final objective by characterizing
interactions between sigma70 sequence elements. Similarly, the third project studied
relationships between RNAP and repressor strength as well as how these relationships change
when promoter architecture is altered.

A. Where to find promoters in the genome

Although we have made progress in identifying E. coli promoters, there is still a tremendous
amount of work ahead. As discussed in Chapter 3, it is likely that other promoters exist in the
genome that are below the limit of detection of our assay. In fact, it may be possible that any
sequence is capable of transcription and the level of transcription is proportional to the affinity of
RNAP to the sequence. This idea is consistent with the observation that there exists a large
amount of ‘spurious transcription’ throughout the E. coli genome(Singh et al., 2014; Wade &
Grainger, 2018). On the other hand, the transcriptional machinery may employ other mechanisms
to distinguish between true and false promoters, such as what has been observed with tssRNAassociated promoters(Yus et al., 2012) where transcription from incomplete promoters results in
RNAP aborting transcription after 30-50 nucleotides. Further investigation using extremely
sensitive transcriptional readouts may help better distinguish whether any sequence is capable
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of driving even small levels of expression(Zhang et al., 2014). Specifically, these techniques could
be used to interrogate the transcriptional potential of a set of sequences spanning a wide range
of RNAP binding affinities and detect whether transcription occurs throughout this range or is no
longer possible at a certain point. Furthermore, assaying promoter function and dissecting
promoters in other conditions will surely reveal more promoters as well as condition-specific
sequence elements facilitating some adaptive regulatory program.

B. Discovering the regulatory elements encoding promoter activity

Similarly, there is a great deal of progress to be made before we can be confident in our
knowledge of the regulatory sequences encoding promoter activity. This issue is actually two
issues disguised: namely, what are the sequences and what are the transcription factors that
utilize these sequences? In this work, we were able to identify sequences encoding regulation as
well as their quantitative contribution to transcription, however, our study provided little if any
insight into the identity of the transcriptional machinery that utilizes these sequences. Given that
PWMs of transcription factor binding sites exist it may seem trivial to assign identities to an
identified regulatory region, however, this approach is confounded by many false positives(GamaCastro et al., 2016; Ishihama et al., 2016; Kojima et al., 2016). Recent experimental approaches
have found some success in identifying cognate proteins for putative regulatory sequences. A
new approach has been developed by the Phillips group in which sequences of interest are used
as bait probes to pull down protein binders before mass spectrometry (MS) is performed to identify
the protein(Belliveau et al., 2018.; Ireland et al., 2020). While this is a powerful strategy, it is limited
by the throughput of MS approaches. However, there is hope to overcome this bottleneck as
multiplexed MS screens evolve(Pappireddi et al., 2019). Similarly, there is the reverse approach
to identifying the sequences regulated by proteins using technologies such as ChIP-exo or
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genomic SELEX(Gao et al., 2018; Ishihama et al., 2016). While these approaches can identify
putative binding targets of transcription factors, they may yield false positives. Furthermore, these
findings may be confounded by transcription factors binding outside of promoters, with little clear
indication of the purpose this serves(MacQuarrie et al., 2011). Going forward, it would be
beneficial to interrogate the regulatory elements implicated by these whole-genome transcription
factor screens using mutagenesis techniques demonstrated by us (Chapter 3) and
others(Belliveau et al., 2018; Ireland et al., 2020)

C. From motifs to promoter activity

The third objective to fully characterize and model interactions between sequence elements is
likely the most arduous challenge and will require extensive future work. This space, as most
combinatorial spaces, is incredibly vast and will require understanding the many variables
surrounding promoter activity, including binding site composition, binding site affinity, binding site
arrangement, and how these variables relate to each other. Fortunately, most promoters in the E.
coli genome have relatively simple architectures, one or fewer TFBS and an RNAP binding
site(Ireland et al., 2020; Rydenfelt et al., 2014), and so interactions between sequence elements
may be easy to deduce and characterize in most cases.

D. The ultimate challenge: decoding promoters across bacterial strains and species

The ultimate goal of this work was to develop a systematic approach to predict promoter activity
from arbitrary sequence in E. coli strain MG1655. However, the true challenge will be to
successfully apply these approaches and computational models to other strains of E. coli and
even other bacterial species. This challenge is more relevant to our current gap in knowledge,
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specifically, that billions of whole genomes have been sequenced in recent years for which we
lack an understanding of the regulatory functions encoded within these sequences. While there
is evidence that promoter sequence-function relationships are surprisingly similar between
seemingly diverged bacterial species(Johns et al., 2018; Yim et al., 2019), it is clear that
organismal genetic variation results in wildly different interpretations of the same genomic
sequences. With that in mind, the types of computational models that we implemented in Chapter
3 will be largely ineffective if applied to other species, as they rely solely on associating sequence
patterns to a functional output score. A model capable of predicting promoter activity across
species must rely on features and parameters that are conserved across biology. Biophysical
models fit this description and have been shown to be effective tools for modeling and predicting
promoter expression by us (Chapter 5) and others(Einav & Phillips, 2019; Kinney et al., 2010).
However, in order for these to be effective, we must first discover the minimal set of biophysical
parameters necessary to systematically model promoter expression. Future work should be to
use designed promoter libraries, such as those described in Chapters 4 and 5, and systematically
manipulate every conceivable parameter to see how tuning various aspects of promoter design
influences expression. Lastly, this approach will require computational approaches to deconstruct
arbitrary sequences into these simple biophysical parameters. With these models and
approaches, there may be hope of achieving a robust, cross-species predictor of promoter
activity.

238

References
Belliveau, N. M., Barnes, S. L., Ireland, W. T., Jones, D. L., Sweredoski, M. J., Moradian, A.,
Hess, S., Kinney, J. B., & Phillips, R. (2018). A systematic approach for dissecting the
molecular mechanisms of transcriptional regulation in bacteria. PNAS 115 208.
Einav, T., & Phillips, R. (2019). How the avidity of polymerase binding to the -35/-10 promoter
sites affects gene expression. Proceedings of the National Academy of Sciences of the
United States of America, 116(27), 13340–13345.
Gama-Castro, S., Salgado, H., Santos-Zavaleta, A., Ledezma-Tejeida, D., Muñiz-Rascado, L.,
García-Sotelo, J. S., Alquicira-Hernández, K., Martínez-Flores, I., Pannier, L., CastroMondragón, J. A., Medina-Rivera, A., Solano-Lira, H., Bonavides-Martínez, C., PérezRueda, E., Alquicira-Hernández, S., Porrón-Sotelo, L., López-Fuentes, A., HernándezKoutoucheva, A., Del Moral-Chávez, V., … Collado-Vides, J. (2016). RegulonDB version
9.0: high-level integration of gene regulation, coexpression, motif clustering and beyond.
Nucleic Acids Research, 44(D1), D133–D143.
Gao, Y., Yurkovich, J. T., Seo, S. W., Kabimoldayev, I., Dräger, A., Chen, K., Sastry, A. V.,
Fang, X., Mih, N., Yang, L., Eichner, J., Cho, B.-K., Kim, D., & Palsson, B. O. (2018).
Systematic discovery of uncharacterized transcription factors in Escherichia coli K-12
MG1655. Nucleic Acids Research, 46(20), 10682–10696.
Ireland, W. T., Beeler, S. M., Flores-Bautista, E., Belliveau, N. M., Sweredoski, M. J., Moradian,
A., Kinney, J. B., & Phillips, R. (2020). Deciphering the regulatory genome of Escherichia
coli, one hundred promoters at a time. biorxiv. https://doi.org/10.1101/2020.01.18.910323
Ishihama, A., Shimada, T., & Yamazaki, Y. (2016). Transcription profile of Escherichia coli:
genomic SELEX search for regulatory targets of transcription factors. Nucleic Acids
Research, 44(5), 2058–2074.

239

Johns, N. I., Gomes, A. L. C., Yim, S. S., Yang, A., Blazejewski, T., Smillie, C. S., Smith, M. B.,
Alm, E. J., Kosuri, S., & Wang, H. H. (2018). Metagenomic mining of regulatory elements
enables programmable species-selective gene expression. Nature Methods, 15(5), 323–
329.
Kinney, J. B., Murugan, A., Callan, C. G., & Cox, E. C. (2010). Using deep sequencing to
characterize the biophysical mechanism of a transcriptional regulatory sequence. In
Proceedings of the National Academy of Sciences (Vol. 107, Issue 20, pp. 9158–9163).
https://doi.org/10.1073/pnas.1004290107
Kojima, T., Kunitake, E., Ihara, K., Kobayashi, T., & Nakano, H. (2016). A Robust Analytical
Pipeline for Genome-Wide Identification of the Genes Regulated by a Transcription Factor:
Combinatorial Analysis Performed Using gSELEX-Seq and RNA-Seq. PloS One, 11(7),
e0159011.
MacQuarrie, K. L., Fong, A. P., Morse, R. H., & Tapscott, S. J. (2011). Genome-wide
transcription factor binding: beyond direct target regulation. Trends in Genetics: TIG, 27(4),
141–148.
Pappireddi, N., Martin, L., & Wühr, M. (2019). A Review on Quantitative Multiplexed Proteomics.
Chembiochem: A European Journal of Chemical Biology, 20(10), 1210–1224.
Rydenfelt, M., Garcia, H. G., Cox, R. S., 3rd, & Phillips, R. (2014). The influence of promoter
architectures and regulatory motifs on gene expression in Escherichia coli. PloS One,
9(12), e114347.
Singh, S. S., Singh, N., Bonocora, R. P., Fitzgerald, D. M., Wade, J. T., & Grainger, D. C.
(2014). Widespread suppression of intragenic transcription initiation by H-NS. Genes &
Development, 28(3), 214–219.
Wade, J. T., & Grainger, D. C. (2018). Spurious transcription and its impact on cell function.
Transcription, 9(3), 182–189.
240

Yim, S. S., Johns, N. I., Park, J., Gomes, A. L. C., McBee, R. M., Richardson, M., Ronda, C.,
Chen, S. P., Garenne, D., Noireaux, V., & Wang, H. H. (2019). Multiplex transcriptional
characterizations across diverse bacterial species using cell‐free systems. In Molecular
Systems Biology (Vol. 15, Issue 8). https://doi.org/10.15252/msb.20198875
Yus, E., Güell, M., Vivancos, A. P., Chen, W.-H., Lluch-Senar, M., Delgado, J., Gavin, A.-C.,
Bork, P., & Serrano, L. (2012). Transcription start site associated RNAs in bacteria.
Molecular Systems Biology, 8, 585.
Zhang, Z., Revyakin, A., Grimm, J. B., Lavis, L. D., & Tjian, R. (2014). Single-molecule tracking
of the transcription cycle by sub-second RNA detection. eLife, 3, e01775.

241

