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Abstract

Towards sustainable biomolecule production: computational approaches to accelerate
genetic tool development for engineering metabolism in microorganisms

Erin H. Wilson

Chair of the Supervisory Committee:
David A. C. Beck

Department of Chemical Engineering

Globally, human societies are consuming finite resources at unsustainable rates.
Transitioning away from our dependencies on non-renewable resources and towards cyclical
production of everyday materials is critical for mitigating our escalating impact on climate
change and securing longer term economic stability. A promising alternative to sourcing many
materials is via metabolic engineering: a field that aims to engineer microorganisms into
biological factories that convert renewable feedstocks into valuable molecules (i.e., jet fuel,
medicine, bioplastics). In order for metabolic engineering solutions to be economically viable,
microorganism factories must be optimized to produce target molecules quickly and at high
yields. Such optimization requires an understanding of the complex genetic grammar that
controls gene expression within a host microbe as well as genetic tools with which to manipulate
it. While extensive genetic toolkits have been developed for model systems like S. cerevisiae
and E. coli, many non-model organisms lack tools with which to effectively engineer them.

This dissertation explores computational approaches for developing genetic tools in
non-model microbes, using the methanotroph Methylotuvimicrobium buryatense as an example.
First, we discuss a framework that leverages RNA-seq datasets to predict constitutive, strong
promoters, which we developed into a suite of expression tools in M. buryatense. Next, we use
unsupervised machine learning methods to identify 43 independently modulated groups of
co-expressed genes (iModulons); interactively explorable visualizations of these data facilitated
a deeper characterization of M. buryatense expression modules across diverse growth
conditions and a proposed set of gene candidates for functional validation via mutation
experiments. Finally, we investigate the potential of deep learning models to predict gene
expression behavior directly from M. buryatense promoter sequence regions and probe the
performance limits of common model architectures in varied genomic contexts and data-limited
regimes.

This work contributes to a broader understanding of how computational techniques can
be used to model the effects of biological sequences on gene expression outcomes and
describes scenarios in which these techniques are more limited. Such guidance will enhance
our collective ability to use computational approaches for genetic tool development in
non-model microbes and accelerate metabolic engineering solutions that can shift humanity
towards a more sustainable relationship with our planet’s finite resources.
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Chapter 1. Introduction

1.1. Synthetic biology for sustainability
As the world’s population continues to increase, so will its resource requirements. To
better manage these resources for generations to come, our use of energy, land, and
materials must become more cyclical: our inputs drawn from renewable sources and our
outputs destined for more than an accumulation of waste.

Synthetic biology is a growing field that offers a promising alternative to sourcing many
materials more sustainably.1,2 Sitting at the intersection of scientific disciplines such as
biology, chemistry, computer science, math, and more, synthetic biology aims to
engineer novel biological systems to solve pressing global challenges in areas such as
medicine, conservation, and sustainability.3 While the applications of synthetic biology
are quite broad, this dissertation will focus on one particular goal: sustainable
biomolecule production.

Humans rely on many biologically-derived molecules: fuels for transportation, fibers in
clothing, medicinal molecules from plants. Molecules found in nature are typically
produced by organisms that can execute a specific metabolic pathway, or a series of
chemical conversions carried out by enzymes that can transform inputs the organism
consumes into other building blocks it needs to survive. Organisms store instructions for
these metabolic pathway enzymes in their genomes as DNA. Since DNA is a common
language between all organisms, genetic instructions are potentially transferable
between species.

Metabolic engineering is a subfield of synthetic biology that leverages this genetic
transferability of enzyme instructions to rewire chemical conversion pathways in
microorganisms, like bacteria, to produce a range of valuable molecules that other
organisms, like plants, make naturally.4,5 By installing heterologous enzymatic pathways
into a microbial host and optimizing the host metabolism to funnel its input resources
down these pathways, we can create synthetic, biological factories for molecules of
interest (Figure 1.1).
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Figure 1.1. Overview of metabolic engineering: a process to engineer microorganisms into biological
factories that convert renewable inputs into more sustainably-sourced products.

Engineering biological factories that can produce valuable molecules efficiently and at
large scales is a promising avenue for sourcing essential materials more sustainably
and with reduced emissions.6,7 Especially if the inputs to these biological factories are
renewable resources (i.e., sugar cane) or a waste stream from some other
manufacturing process (i.e., greenhouse gas emissions, steel mill off-gas), it provides
an alternative to sourcing materials typically derived from fossil fuels or other
ecologically destructive processes. Not only could such innovations contribute to
increased economic stability by reducing reliance on delicate geopolitical relationships
for oil, but additionally it could improve environmental health outcomes by reducing the
amount of fossil-based carbon being introduced into the global carbon cycle or by
diverting emissions streams out of the atmosphere.8,9 However, input sources such as
sugar cane come with additional complexities: though renewable, there exists
competition with land for food production as well as land for natural ecosystems. Such
tradeoffs must be considered when assessing the overall impact of synthetic biology
solutions for sustainability.10

Excitingly, there have already been many metabolic engineering success stories.
Notable efforts include the use of Saccharomyces cerevisiae to convert sugar cane into
farnesene (jet fuel)11,12 and artemisinic acid (anti-malaria drug precursor)13,14, the use of
Escherichia coli to produce the polymer building blocks 1,4-butanediol15 and
1,3-propanediol16, a Salmonella-based control system for secreting spider-silk,17 and
engineered Pichia pastoris that produces ​​soy leghemoglobin, a meaty flavor added to
plant-based meat alternatives.18 In recent decades, an entire ecosystem of synthetic
biology companies has emerged as the field continues to drive progress towards
bio-based production and commercialization of molecules we use in everyday life.7

Microbe optimization remains challenging, however. One major hurdle is that it requires
finely-tuned expression levels of each heterologous gene, but we do not yet fully
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understand the rules that govern gene expression. Efforts such as altering protein
codon frequencies to match the host microbe’s preference is critical for achieving
successful expression19; however, genes are further regulated by an ecosystem of
non-coding genetic signals such as promoter and terminator elements, 5’ and 3’
untranslated regions, enhancers, and more.20,21 A deeper understanding of the “genetic
grammar” that underlies the regulatory signaling patterns in an organism is critical for
engineering new pathways into microbes with more predictable expression.

A major mechanism through which microbes control gene expression is transcription
initiation, a process largely influenced by sigma and transcription factors binding to
regulatory DNA elements in promoter regions.22–24 Though organisms have evolved
multiple layers of regulatory mechanisms such as mRNA degradation, post-translational
modifications, and protein-protein interactions,20 transcription initiation is a critical first
step and will be the primary focus of this dissertation.

1.2. Developing genetic tools for non-model organisms
Microbial hosts such as S. cerevisiae and E. coli serve as excellent platforms for
metabolic engineering: their roles as model organisms have led to detailed
characterizations of their genetics and physiology, and many genetic tools have already
been developed for engineering them.5,6 With proper tools that enable scientists to
control and reprogram the gene expression, organisms may be more effectively
optimized to produce target molecules at high titers, rates, and yields. Such
optimizations can reduce the overall cost of molecule production and improve the
economics enough to compete with platforms rooted in fossil fuels and greenhouse gas
emissions.

Though model organisms with established genetic toolkits are relatively easy to work
with, there exists a vast pool of alternative microorganisms that may offer significant
benefits to molecule production processes.25,26 The ability to leverage the diversity
across microbial life opens a much broader solution space for metabolic engineering
approaches to succeed, and ultimately outcompete unsustainable production
processes.

Unfortunately, for many non-model organisms, extensive genetic toolkits are not yet
available. In some cases, tools developed in a model organism can indeed be
transferred to a new organism and remain functional,27 however it is not guaranteed that
parts will be compatible across species.28 Organisms have evolved intricate systems of
controls to regulate gene expression: genetic signals encoded as DNA sequence
patterns exist throughout the genome and are often short and can be arranged in many
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different combinations and orientations.24,29,30 While our knowledge about microbial
genomes and their regulatory codes has grown significantly with the advent of DNA
sequencing technologies, there still exist significant start-up costs to developing suites
of genetic tools and thus adopting new organisms as metabolic engineering platforms
can be slow.6

When working in a new non-model microbial host, metabolic engineers often strive to
establish a proof of concept that engineering is feasible in that organism. Especially for
organisms for which there are not yet reliable databases available, computational
approaches that rely on relatively accessible, simple-to-collect data types rather than
requiring highly specialized experiments would reduce the time and investment required
to explore their viability as biomolecule production hosts. Strategies that can quickly
establish genetic tools, such as promoter constructs, are essential for enabling rapid
prototyping of engineered pathways, which in turn expands our ability to explore
microbial solution search spaces to meet varied climate change mitigation goals.

1.3. A case for methanotrophic hosts
A compelling set of candidates for metabolic engineering hosts are microbes that can
survive on one-carbon (C1) compounds. Many C1 compounds - including carbon
dioxide (CO2), carbon monoxide (CO), and methane (CH4) - are prominent greenhouse
gasses, dangerous pollutants, or even byproducts of industrial waste streams.31

Microorganisms that naturally consume these molecules play key ecological roles in
cycling carbon back into the environment.32–34 If such organisms could be reliably
engineered to produce molecules of interest, the benefits would be two-fold: not only
would these molecules be produced via more sustainable biological means, but their
polluting feedstocks would be diverted out of the environment and sequestered into
valuable materials.35–37

Methane is a greenhouse gas that is heavily emitted through both natural sources
(wetlands, wildfires, permafrost) and human sources (oil and gas production, cattle
ranching, wastewater treatment, rice paddy agriculture, landfills, coal mines).38

According to the global methane budget distributed by the Global Carbon Project, the
rate of global methane emissions exceeds the rate of methane sinks by about 10 million
tons of CH4 per year and as a result, is increasing in the atmosphere.31 Though less
abundant than carbon dioxide, methane is 85x more potent in its warming potential over
a 20 year time frame, and thus addressing methane emissions is a critical avenue for
mitigating climate impacts.39–41
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One promising microbe for methane mitigation with synthetic biology is the
methanotroph Methylotuvimicrobium buryatense 5GB1, a bacterium that can consume
methane as its sole carbon source.32,33 Previous work in M. buryatense has examined
physiological responses in stress conditions, developed genetic manipulation tools, built
genome-scale metabolic models, and measured flux via isotope labeling techniques.
27,42–45 In a screen of seven phylogenetically diverse methanotrophs, M. buryatense
showed an increased ability to assimilate methane at 500 - 1000 ppm and maintain
robust growth (Lian He, unpublished). This concentration of methane is higher than in
the general atmosphere (~1.9 ppm46), but is comparable to methane concentrations
observed in the air above major emissions sites, such as landfills, rice paddies, and oil
and gas production sites.47–49 This presents an intriguing opportunity for methane
air-capture technology paired with methanotrophs cultivated in portable bioreactors: if
deployed directly at emissions sites where methane concentrations are elevated,
emissions could be mitigated at their sources.50 Furthermore, if engineered
methanotrophs could be incorporated into such a system, it could simultaneously
capture methane emissions and convert the carbon into valuable products. While many
pieces of this technology are still under early investigation and development, in order for
such a platform to be economically effective as a mechanism for biomolecule
production, a deeper characterization of M. buryatense’s genetic grammar is required.

1.4. Dissertation overview
With such promising technological innovations on the horizon, this dissertation
describes progress towards enabling M. buryatense as an engineerable biomolecule
production host with a focus on computational methods that are generalizable to other
non-model microbes. The following chapters each implement and characterize a
computational approach for decoding genetic grammars and discuss the applicability of
each method to non-model microbes in data-limited regimes.

In Chapter 2, we describe the dataset used throughout this dissertation: a compendium
of RNA-seq samples collected in M. buryatense over the last decade in the Lidstrom
Lab at the University of Washington. We provide details on the diverse growth
conditions under which the data were collected, highlight subsets of particular relevance
to synthetic biology, and comment on several previously unknown expression trends
observed among non-coding RNAs. Additionally, we discuss its strengths and limitations
as a representative dataset for studying non-model microbes.

In Chapter 3, we outline a computational framework for identifying strong, constitutive
promoters in non-model organisms. When applied to the M. buryatense RNA-seq
compendium, we were able to identify a set of top genes which maintained strong
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expression across a wide variety of growth conditions, distill a core sigma-70 signal
from a set of promoter predictions, and experimentally validate expression for a set of
minimal promoter predictions, including a synthetic sequence not found in the native
genome. This work resulted in an expanded promoter toolkit for M. buryatense and an
open-source software tool with interactive visualizations and tutorials demonstrating its
application to several microbes.

In Chapter 4, we describe a deeper investigation of co-regulated gene modules in M.
buryatense using Independent Component Analysis (ICA) - an unsupervised machine
learning technique - on the RNA-seq data. This work recapitulated several known
expression modules, such as those involved in transcriptional responses to the
presence and absence of copper and lanthanum, and provided interactive visualizations
in which to explore expression trends for additional groupings of genes that seemingly
respond in other types of physiological stress conditions. In the hands of expert
microbiologists, this tool led to several proposals for mutation candidates to
experimentally validate for gene function.

In Chapter 5, we set out in search of M. buryatense regulatory motifs using recently
developed deep learning methods for DNA sequence inputs. Though the initial goal was
to identify influential motifs that could be developed into genetic tools, such as inducible
and repressible promoters, this effort evolved into a deeper characterization of deep
learning methods performance in data-limited regimes. We explore the effectiveness of
convolutional neural networks (CNNs) and long short-term memory networks (LSTMs)
for various prediction tasks using DNA sequences as inputs including 1) predicting
RNA-seq expression outcomes from all native M. buryatense promoter regions, 2)
characterizing the limits of model performance for predicting expression outcomes
measured in Massively Parallel Reporter Assays (MPRA) after systematic reductions in
training data, and 3) assessing the interplay between signal complexity and dataset size
in a synthetic motif repression/activation scenario. From these computational
experiments, we observe that the deep learning methods we tested in data
limited-regimes are insufficient for learning genetic grammars. Despite attempting
several model pre-training strategies for alleviating data limitation, we suggest that
additional data beyond that available in microbial RNA-seq is necessary to more fully
learn the nuances of microbial genetic grammars. For future researchers pursuing
similar motif elucidation queries, we therefore recommend collecting additional data (for
example through an MPRA if possible) or pursuing alternative modeling approaches to
those described here.

Finally, Chapter 6 concludes with a summary of the efforts described here to accelerate
genetic tool development for non-model microbes and key takeaways from using deep
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learning in data limited regimes. Additionally, I offer some reflections on the role of
communication and accessibility in science, from creating interactively explorable
visualizations and tutorials to communicating scientific ideas with general
audience-friendly prose. Every project heavily featured interactive visualizations to
enhance understanding of the data and enable independent discovery for other users of
my tools. Even for projects in which the outcomes were primarily negative results, I was
excited to publish tutorials to help others learn. A major goal throughout the work in this
dissertation has been to expand the accessibility of ideas, both to people with
expertises in adjacent scientific domains and to people outside the realm of science or
academia.

Overall, this dissertation captures my effort to bridge across the technical fields of
synthetic biology, machine learning, and data science, and I hope it additionally conveys
my earnest desire to help shift humans towards a more sustainable relationship with the
planet.
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Chapter 2. Compilation of M. buryatense RNA-seq
compendium

2.1. Overview of transcriptomics
Organisms dynamically respond to changing environments by selectively upregulating
and downregulating sets of genes to initiate a physiological response. Often this will
involve the production of proteins to cope with the changing environment, such as
producing enzymes to break down a newly detected energy source or preparing to
move towards or away from a stimulus. These response cascades start with
transcription: an initiation of cellular machinery to copy gene coding sequences into
RNA that is later translated into an amino acid sequence, and eventually folded into a
functional protein.51

Transcription itself does not guarantee protein synthesis, as there are several other
regulatory mechanisms which can inhibit gene expression. However transcription is a
key first step and analyzing gene expression data has been informative for identifying
groups of genes that participate in coordinated cellular processes.52 Often this
coordination relies on a shared signaling mechanism, such as a binding event of a
transcription factor to a particular DNA motif. The promoter region immediately
upstream of gene coding sequences is a genomic region where many such motifs are
concentrated.29 Once identified and characterized, signaling motifs can be repurposed
for metabolic engineering objectives by incorporating signals into synthetic expression
constructs. For example, by pairing native yeast upregulation promoter signals with an
artemisinin-production pathway gene from the sweet wormwood plant, we can express
the plant gene in the yeast cell’s genetic context by recruiting the yeast transcriptional
machinery to transcribe the heterologous gene sequence.13

Decoding the grammar of gene regulation can be facilitated by RNA-sequencing: a
method to measure the current state of mRNA transcript levels in cells.
RNA-sequencing provides a temporal snapshot of which genes are being activated or
repressed in the current growth conditions, which can be a useful indicator of which
metabolic pathways are relevant for a given organism in a given condition and lead to
physiological insights.53,54 From a genetic signaling perspective, RNA-seq
measurements can also indicate which sets of genes are being regulated in tandem and
therefore identify sets of promoters in which to look for shared motif signals. However,
disentangling these signals is complicated by the fact that some genes are expressed
together in specific growth conditions, and not in others. It is therefore possible that a
specific expression signal is shared between two genes, however if the transcriptional
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responses were not measured in a condition where the signal was activated, we cannot
observe this coordinated response.

In order to more fully decode transcriptomic networks, it is useful to measure RNA-seq
responses in a wide variety of growth conditions. Many computational approaches have
been developed to elucidate such networks from expression data55 and as RNA-seq
technology has matured, it has become a relatively accessible data type for researchers
to collect, both in-house or through vendors.

2.2. M. buryatense RNA-seq datasets and relevant
transformations
Over the past 40 years, the Lidstrom Lab (Microbiology and Chemical Engineering
departments, University of Washington) has characterized various aspects of the
physiology and genetics of methylotrophic bacteria that subsist on single-carbon
compounds. During the past 10 years, over 100 RNA-sequencing experiments were
executed in M. buryatense by the Lidstrom group, taking transcriptomic measurements
across a variety of growth conditions, including ideal growth conditions (“max growth
rate”), stress conditions (“low oxygen”, “low methane”), using an alternative carbon
source (“methanol”), and in the presence of metals which are known to induce
regulatory switches (“with lanthanum”, “high/medium/low copper”). While these
experiments are quite varied and were designed with different goals in mind, the
integration of all of these datasets presents the opportunity to investigate regulatory
signals across a variety of conditions and infer subsets of genes that are influenced by
similar regulatory signals. Much of the work in this dissertation stems from the goal to
identify and characterize genetic signals in M. buryatense so they may be developed
into engineering tools.

Some RNA-seq samples were experimental replicates, while others were gathered at
different times under similar conditions. Every sample was assigned a broad
experimental condition category, which was refined over the course of several quality
control analyses. Additionally, several broad conditions were subdivided into more
granular conditions after observing discrepancies in RNA-seq profile correlations (for
example, “low oxygen” was split between “low oxygen, fast growth” and “low oxygen,
slow growth”). These experimental condition labels are used primarily as a categorical
encoding. While some experimental settings were more similar to each other than
others, details about the exact growth settings are not available in every case and
therefore not directly comparable on a relative continuum.
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A description of each sample used throughout this dissertation and its corresponding
experimental condition tag is available in Table 2.1. A summary of the number of
samples in each condition is available in Table 2.2. In total, the M. buryatense data
matrix contains 4,213 genes by 106 samples. After excluding samples with poor quality
control or insufficient metadata about experimental conditions, we proceeded with 86
samples grouped into 17 experimental condition labels. Four samples for very low
methane conditions (two replicates each for “CH4 500 ppm” and “CH4 1000 ppm”) were
collected partway through this dissertation - these samples were not available to use in
the work described in Chapter 3 but were included for Chapters 4 and 5.

ID sample name description experimental
condition tag

rna-seq data
published 5G strain GEO link

0 5GB1_FM03_
TR1_QC

Fermentor run 3, uMax
though close to O2

limited, QC
uMax Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932954

1 5GB1_FM03_
TR2_QC

Fermentor run 3, uMax
though close to O2

limited, QC
uMax Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932955

2 5GB1_FM11_
TR1_QC

Fermentor run 11, O2
limited, QC lowO2_fast_growth Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932956

3 5GB1_FM11_
TR2_QC

Fermentor run 11, O2
limited, QC lowO2_fast_growth Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932957

4 5GB1_FM12_
TR1

Fermentor run 12,
methane limited lowCH4 Gilman 2017 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM2720034

5 5GB1_FM12_
TR1_QC

Fermentor run 12,
methane limited, QC lowCH4 Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932958

6 5GB1_FM12_
TR2

Fermentor run 12,
methane limited lowCH4 Gilman 2017 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM2720035

7 5GB1_FM12_
TR2_QC

Fermentor run 12,
methane limited, QC lowCH4 Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932959

8 5GB1_FM14_
TR1

Fermentor run 14,
methane limited lowCH4 Gilman 2017 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM2720036

9 5GB1_FM14_
TR1_QC

Fermentor run 14,
methane limited, QC lowCH4 Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932960

10 5GB1_FM14_
TR2

Fermentor run 14,
methane limited lowCH4 Gilman 2017 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM2720037

11 5GB1_FM14_
TR2_QC

Fermentor run 14,
methane limited, QC lowCH4 Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932961

12 5GB1_FM18_
TR2

Fermentor run 18,
methanol MeOH Fu 2019 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM2995397

13 5GB1_FM18_
TR2_QC

Fermentor run 18,
methanol MeOH Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932963

14 5GB1_FM18_
TR3

Fermentor run 18,
methanol MeOH Fu 2019 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM2995398

15 5GB1_FM18_
TR3_QC

Fermentor run 18,
methanol MeOH Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932964
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ID sample name description experimental
condition tag

rna-seq data
published 5G strain GEO link

16 5GB1_FM19_
TR1_QC

Fermentor run 19, O2
limited, QC lowO2_fast_growth Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932965

17 5GB1_FM19_
TR1_UW

Fermentor run 19, O2
limited lowO2_fast_growth Gilman 2017 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM2720039

18 5GB1_FM19_
TR3

Fermentor run 19, O2
limited lowO2_fast_growth Gilman 2017 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM2720040

19 5GB1_FM19_
TR3_QC

Fermentor run 19, O2
limited, QC lowO2_fast_growth Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932966

20 5GB1_FM20_
TR1_QC

Fermentor run 20,
uMax, QC uMax Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932967

21 5GB1_FM20_
TR2_QC

Fermentor run 20,
uMax uMax Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932968

22 5GB1_FM20_
TR3

Fermentor run 20,
uMax uMax Fu 2019 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM2995400

23 5GB1_FM20_
TR3_QC

Fermentor run 20,
uMax, QC uMax Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932969

24 5GB1_FM20_
TR3_UW

Fermentor run 20,
uMax uMax Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932970

25 5GB1_FM21_
TR1

Fermentor run 21,
uMax uMax Fu 2019 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM2995401

26 5GB1_FM21_
TR1_QC

Fermentor run 21,
uMax, QC uMax Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932971

27 5GB1_FM21_
TR2

Fermentor run 21,
uMax uMax Fu 2019 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM2995402

28 5GB1_FM21_
TR2_QC

Fermentor run 21,
uMax, QC uMax Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932972

29 5GB1_FM21_
TR2_UW

Fermentor run 21,
uMax uMax Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932973

30 5GB1_FM22_
TR1

Fermentor run 22, O2
limited lowO2_fast_growth Gilman 2017 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM2720041

31 5GB1_FM22_
TR1_QC

Fermentor run 22, O2
limited, QC lowO2_fast_growth Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932974

32 5GB1_FM22_
TR3_QC

Fermentor run 22, O2
limited, QC lowO2_fast_growth Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932975

33 5GB1_FM22_
TR3_UW

Fermentor run 22, O2
limited lowO2_fast_growth Gilman 2017 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM2720043

34 5GB1_FM23_
TR3

Fermentor run 23,
methanol MeOH Fu 2019 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM2995399

35 5GB1_FM23_
TR3_QC

Fermentor run 23,
methanol MeOH Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932976

36 5GB1_FM34_
T0_TR1_QC

Fermentor run 34, Cu
transition, T0 (before

Cu) 5.15% FAME
NoCu Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932977

37 5GB1_FM34_
T3_TR3_QC

Fermentor run 34, Cu
transition, T3hr (after

Cu) 5.49% FAME
medCu Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932978
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ID sample name description experimental
condition tag

rna-seq data
published 5G strain GEO link

38 5GB1_FM34_
T4_TR3_QC

Fermentor run 34, Cu
transition, T4hr (after

Cu) 5.12% FAME
highCu Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932979

39 5GB1_FM34_
T5_TR2_QC

Fermentor run 34, Cu
transition, T5hr (after

Cu) 5.75% FAME
highCu Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932980

40 5GB1_FM34_
T6_TR3_QC

Fermentor run 34, Cu
transition, T6hr (after

Cu) 5.71% FAME
highCu Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932981

41 5GB1_FM34_
T7_TR3_QC

Fermentor run 34, Cu
transition, T7hr (after

Cu) 6.45% FAME
highCu Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932982

42 5GB1_FM34_
T8_TR1_QC

Fermentor run 34, Cu
transition, T8hr (after

Cu) 6.20% FAME
highCu Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932983

43 5GB1_FM40_
T0_TR1_QC

Fermentor run 40, Cu
transition, T0 (before

Cu)
NoCu Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932984

44 5GB1_FM40_
T0m_TR2

Fermentor run 40, Cu
transition, T0m before

Cu)
NoCu Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932985

45 5GB1_FM40_
T10m_TR3

Fermentor run 40, Cu
transition, T10m (after

Cu)
lowCu Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932986

46
5GB1_FM40_
T10m_TR3_Q

C

Fermentor run 40, Cu
transition, T10m (after

Cu)
lowCu Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932987

47
5GB1_FM40_
T150m_TR1_

QC

Fermentor run 40, Cu
transition, T150m (after

Cu)
medCu Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932988

48
5GB1_FM40_
T150m_TR1_r

emake

Fermentor run 40, Cu
transition, T150m (after

Cu)
medCu Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932989

49 5GB1_FM40_
T180m_TR1

Fermentor run 40, Cu
transition, T180m (after

Cu)
medCu Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932990

50
5GB1_FM40_
T180m_TR1_

QC

Fermentor run 40, Cu
transition, T180m (after

Cu)
medCu Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932991

51 5GB1_FM40_
T20m_TR2

Fermentor run 40, Cu
transition, T20m (after

Cu)
lowCu Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932992

52 5GB1_FM40_
T40m_TR1

Fermentor run 40, Cu
transition, T40m (after

Cu)
lowCu Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932994

53
5GB1_FM40_
T40m_TR1_Q

C

Fermentor run 40, Cu
transition, T40m (after

Cu)
lowCu Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932995
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ID sample name description experimental
condition tag

rna-seq data
published 5G strain GEO link

54 5GB1_FM40_
T60m_TR1

Fermentor run 40, Cu
transition, T60m (after

Cu)
lowCu Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932996

55
5GB1_FM40_
T60m_TR1_Q

C

Fermentor run 40, Cu
transition, T60m (after

Cu)
lowCu Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932997

56 5GB1_FM40_
T90m_TR2

Fermentor run 40, Cu
transition, T90m (after

Cu)
medCu Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932998

57
5GB1_FM40_
T90m_TR2_Q

C

Fermentor run 40, Cu
transition, T90m (after

Cu)
medCu Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4932999

58 5GB1_FM69_t
3_TR1

Fermentor run 69, high
oxygen, slow growth

rate

highO2_slow_growt
h Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4933000

59 5GB1_FM69_t
3_TR1_UW

Fermentor run 69, high
oxygen, slow growth

rate

highO2_slow_growt
h Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4933001

60 5GB1_FM69_t
4_TR1

Fermentor run 69, high
oxygen, slow growth

rate

highO2_slow_growt
h Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4933002

61 5GB1_FM69_t
4_TR1_UW

Fermentor run 69, high
oxygen, slow growth

rate

highO2_slow_growt
h Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4933003

62 5GB1_FM80_t
2_TR1

Fermentor run 80, extra
nitrate, low oxygen,

slow growth rate

NO3_lowO2_slow_
growth Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4933004

63 5GB1_FM80_t
4_TR1

Fermentor run 80, extra
nitrate, low oxygen,

slow growth rate

NO3_lowO2_slow_
growth Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4933005

64 5GB1_FM81_t
1_TR3

Fermentor run 81, extra
nitrate, low oxygen,

slow growth rate

NO3_lowO2_slow_
growth Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4933006

65 5GB1_FM81_t
2_TR3

Fermentor run 81, extra
nitrate, low oxygen,

slow growth rate

NO3_lowO2_slow_
growth Wilson 2021 5GB1 https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4933007

66 5GB1_vial_wL
a_TR3

Vial sample, with
lanthanum WithLanthanum Wilson 2021 5GB1C https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4933008

67 5GB1_vial_wo
La_TR2

Vial sample, without
lanthanum NoLanthanum Wilson 2021 5GB1C https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM4933009

68 5GB1C-5G-La
-BR1

Vial sample in mid- to
late-exponential phase WithLanthanum Groom 2019 5GB1C https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM3584843

69 5GB1C-5G-La
-BR2

Vial sample in mid- to
late-exponential phase WithLanthanum Groom 2019 5GB1C https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM3584844

70 5GB1C-5G-N-
BR1

Vial sample in mid- to
late-exponential phase NoLanthanum Groom 2019 5GB1C https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM3584845

71 5GB1C-5G-N-
BR2

Vial sample in mid- to
late-exponential phase NoLanthanum Groom 2019 5GB1C https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM3584846
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https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSM4933005
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSM4933006
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSM4933006
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSM4933007
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSM4933007
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSM4933008
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSM4933008
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSM4933009
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSM4933009
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSM3584843
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ID sample name description experimental
condition tag

rna-seq data
published 5G strain GEO link

72 5GB1C-JG15-
La-BR1

Vial sample in mid- to
late-exponential phase WithLanthanum Groom 2019 5GB1C https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM3584847

73 5GB1C-JG15-
La-BR2

Vial sample in mid- to
late-exponential phase WithLanthanum Groom 2019 5GB1C https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM3584848

74 5GB1C-JG15-
N-BR1

Vial sample in mid- to
late-exponential phase NoLanthanum Groom 2019 5GB1C https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM3584849

75 5GB1C-JG15-
N-BR2

Vial sample in mid- to
late-exponential phase NoLanthanum Groom 2019 5GB1C https://www.ncbi.nlm.nih.gov/geo/qu

ery/acc.cgi?acc=GSM3584850

76 5GB1_LTrecyc
le_TR1 LanzaTech Cell recycle LanzaTech NA 5GB1 NA

77 5GB1_LTrecyc
le_TR1_QC LanzaTech Cell recycle LanzaTech NA 5GB1 NA

78 5GB1_FM_85
_TR1

Fermentor run 85 with
aa3 knockout aa3_KO NA 5GB1 NA

79 5GB1_FM_85
_TR2

Fermentor run 85 with
aa3 knockout aa3_KO NA 5GB1 NA

80 5GB1_pA9_re
d

Vial sample producing
crotonic acid crotonic_acid NA 5GB1 NA

81 5GB1_pA9_ye
llow

Vial sample producing
crotonic acid crotonic_acid NA 5GB1 NA

82 5GB1C_CH4_
500ppm-Rep1

Fermentor run with
CH4 concentration at

500 ppm
CH4_500ppm He (under review) 5GB1C NA

83 5GB1C_CH4_
500ppm-Rep2

Fermentor run with
CH4 concentration at

500 ppm
CH4_500ppm He (under review) 5GB1C NA

84
5GB1C_CH4_
1000ppm-Rep

2

Fermentor run with
CH4 concentration at

1000 ppm
CH4_1000ppm He (under review) 5GB1C NA

85
5GB1C_CH4_
1000ppm-Rep

1

Fermentor run with
CH4 concentration at

1000 ppm
CH4_1000ppm He (under review) 5GB1C NA

Table 2.1. Complete list of RNA-seq samples used in this dissertation.
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experimental_condition_tag sample_count

uMax 12

lowO2_fast_growth 10

lowCH4 8

medCu 7

lowCu 7

MeOH 6

WithLanthanum 5

highCu 5

NoLanthanum 5

highO2_slow_growth 4

NO3_lowO2_slow_growth 4

NoCu 3

LanzaTech 2

crotonic_acid 2

aa3_KO 2

CH4_500ppm 2

CH4_1000ppm 2

Total 86
Table 2.2. Summary of RNA-seq sample counts per experimental condition.

To process the raw RNA-seq data into the data matrix mentioned above, standard
bioinformatics tools were used, assisted by the barrelseq workflow (available on Github:
https://github.com/BeckResearchLab/barrelseq). Briefly, reads from each sample fastq
file were aligned to the M. buryatense genome (NCBI accession NZ_CP035467.1) using
BWA with the BWA-MEM algorithm (BWA version 0.7.17-r1198-dirty, default
parameters).56 SAMTools version 1.9 was used to transform the initial read alignments
into sorted BAM files.57 The htseq-count tool from the HTSeq framework version 2.0.2
was used to attribute the reads to annotated features using the “intersection-nonempty”
mode, providing estimates of raw read counts.58 Raw read counts were subsequently
converted into transcripts per million (TPM) for each genome feature in order to
normalize the counts by the feature length.59

Transformations of TPM values are the primary data type used throughout the analyses
in this dissertation. In most cases, the TPMs were log2 transformed and in some
analyses, a log ratio was calculated relative to a baseline condition.
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2.3. Initial dataset characterization and exploration
To characterize some initial features of these data, we briefly looked into the overall
TPM range of all the genes averaged within each experimental condition and noted that
all experimental conditions show similar ranges of TPM values. Distributions of
expression values within each experimental condition indicated that most genes
express at a relatively low level (between 20 to 100 TPM) while a handful are orders of
magnitude higher (Figure 2.1.A).

Figure 2.1. Distribution of TPM values. A) Gene transcript per million (TPM) values were averaged
within each experimental condition. The distribution of TPM values is plotted on a log scale. B) Gene
TPM values were averaged across all conditions. Several non-coding RNA features express at
extremely high magnitudes, above even the pMMO gene cluster, which had not been previously known
in M. buryatense.

Unsurprisingly, genes in the pMMO gene cluster (pmoC, pmoA, pmoB), which is
involved in the first step of the M. buryatense methane assimilation pathway and known
to express very strongly, were among these outliers. Upon further investigation, we
noticed that the most highly expressed features were an ncRNA (EQU24_RS19765)
and a tmRNA (EQU24_RS12525). Briefly, ncRNAs do not code for a protein but instead
typically have a regulatory function60 while tmRNAs are specialized to have both
“transfer” and “messenger” RNA activity which allow them to help recycle ribosomes
that have stalled on defective transcripts.61 In M. buryatense, the ncRNA and the
tmRNA were consistently expressed higher than all coding sequence (CDS) features -
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even the suite of pmo genes (Figure 2.1.B). As previous analyses of RNA-seq data in
M. buryatense primarily focused on protein-coding sequences, these trends were not
previously known and warrant further investigation.

We next visualized relatedness among RNA-seq samples in M. buryatense gene
expression space. Specifically, we performed principal component analysis (PCA) to
reduce gene-dimensional space (~4000 genes) to two. Broadly, samples assigned the
same experimental condition label visibly co-locate (Figure 2.2.A.) and 90% of the
variance is explained by the first 12 components (Figure 2.2.B).

Figure 2.2. Principal Component Analysis of RNA-seq samples. A) Each circle is an experimental
sample, colored by its condition tag. Annotations: samples involved in a Copper transition experiment
are roughly captured in the relative orientation of “No copper”, “Low copper”, “Medium copper”, and
“High copper” samples along a consistent axis. “High copper” samples are more similar to those in
ideal growth conditions (uMax) experiments while “No copper” samples are more similar to methane
limited (lowCH4) experiments in components 1 and 2, which account for 0.45 and 0.18 of the explained
variance, respectively. B) A cumulative sum of the variance explained by the principal components.
90% of the variance is explained by the first 12 components.
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Notably, the four copper-related conditions (a copper transition experiment yielding “no
copper”, “low copper”, “medium copper” and “high copper” experimental tags) appear to
align roughly in order of copper concentration. In principal components 1 and 2, “high
copper” (highCu) samples are co-located near “max growth rate” (uMax) samples while
lower copper (noCu, lowCu) skew towards “low methane” (lowCH4) and “methanol
substrate” (MeOH) samples, suggesting that perhaps this dimension captures some
overall growth rate or stress trend. This is consistent with the fact that copper is
necessary for the particulate methane monooxygenase genes (pmoA, pmoB, pmoC) to
be expressed, as opposed to the alternative soluble form of the enzyme which is
instead dependent on iron. As methane monooxygenase genes encode the enzyme
responsible for the first stage of methane assimilation into central metabolism, the
similarity of samples in ideal growth conditions to those in high copper (preferred
methane assimilation pathway) conditions is expected.

Another striking trend is that the “With Lanthanum” and “Without Lanthanum” conditions
are noticeably more separated from the main axis of variation. Given that these
conditions were intended to show contrast between Lanthanum-regulated genes, their
increased similarity to each in reduced dimensions was unexpected. We initially
suspected that it is likely due to their unique experimental setup in vials rather than
bioreactors, which would exert somewhat different environmental growth pressures on
the bacteria. After appending four additional samples belonging to the “CH4 500 ppm”
and “CH4 1000 ppm” experimental tags, we saw these samples also co-locate with the
lanthanum vial experiments despite being grown in bioreactors (filled circles in 2.2.A).
One potential bias causing this similarity could be the recency of data collection of these
samples: the lanthanum-vial and CH4 500/1000 ppm samples were all collected within
the last 5 years during which measurement technology has progressed. In Figure 2.1.A,
we see that the lower range of TPMs for the lanthanum-vial and CH4 500/1000 ppm
conditions is slightly higher than the rest. Perhaps the first two principal components are
capturing a discrepancy in which several genes that received 0 read counts in past
sequencing runs were better detected in more recent sequencing runs due to reduced
dropout error.

A visualization enabling interactive exploration of the first four principal components is
available here: erinhwilson.github.io/interactive-thesis/viz_pages/chapter2_PC1234.html

2.4. Strengths and limitations as a representative dataset
This compendium of RNA-seq samples serves as a representative dataset that many
labs working with non-model organisms may be able to compile. RNA-sequencing
technology is no longer a highly-specialized measurement to collect in the lab and is
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readily available through popular vendors such as Illumina and Genewiz. Additionally,
many computational tools for read alignment and counting are available open-source
(BWA56, Samtools57, htseq-count58, the STAR aligner62), enabling any researcher with an
annotated genome to analyze their organism’s transcriptome data. Several labs have
recently taken advantage of their accumulated RNA-seq datasets collected over the
course of other publications and further analyzed them together.63–68 Developing
computational tools that can readily combine old datasets and discover additional
insights encourages data reuse and FAIR (Findable, Accessible, Interoperable,
Reusable) accessibility practices.69

Chapters 3 and 4 of this dissertation discuss computational approaches that can
leverage varied RNA-seq datasets for investigating microbe regulatory patterns. We
apply them in the context of the M. buryatense RNA-seq dataset, however the
frameworks are built to be generalizable to other microbes.

A limitation of this type of RNA-seq dataset is that the number of gene examples is
limited by the genome of the organism of interest. Deep learning approaches (discussed
in Chapter 5) typically rely on large training datasets in order to accurately learn model
weights relevant to complex prediction tasks and often yield better performance as the
dataset size increases.70,71 And indeed, there exists excellent work developing models
to predict diverse gene expression behaviors! Several approaches leverage Massively
Parallel Reporter Assay (MPRA) data: datasets composed of hundreds-of-thousands to
millions of random sequence examples, their influence on gene expression measured in
high throughput experiments.72–77 Other works in eukaryotes take advantage of
measurement types such as ChIP-seq or ATAC-seq, where the number of example
sequences is not directly tied to the number of genes but can detect an arbitrarily large
number of peak instances measured throughout the regulatory regions of a genome.78–81

At the outset of the project discussed in Chapter 5, we were unsure if the 4,000-feature
genome of M. buryatense would be sufficient for a model to learn the complexity of its
regulatory grammar, as we did not have MPRA data or peak data for this organism.
Intrigued by the possibility, we investigated the potential of using RNA-seq data for
decoding regulatory motif patterns, but our results indicate that it is likely insufficient on
its own. We further analyzed synthetic sequence prediction tasks in variable data-limited
regimes and discuss the level of dataset information richness necessary to capture a
given degree of motif signal complexity. This characterization of deep learning model
performance in relatively small microbial genomes will be informative for other
researchers planning machine learning-based investigations of similarly-sized
transcriptomic datasets and we suggest ways to incorporate additional data that may
lead to more fruitful results.
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Overall, initial investigations of TPM expression distributions and PCA visualizations of
the M. buryatense RNA-seq compendium emphasized that this varied dataset captures
known physiological trends and thus is a promising source to mine for further biological
insights while calling out technical caveats for consideration in downstream analysis.
Future analyses may benefit from additional normalization strategies to account for
potential differences in updated technologies and reduce batch effects.
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Chapter 3. A computational framework for identifying
promoter sequences in non-model organisms using
RNA-seq datasets
3.1. Background and related work
For any choice of microbial host, a successful biomolecule production platform relies on
the ability to optimize an organism’s metabolism to produce a target molecule efficiently
and at high yields, which in turn relies on our ability to precisely control gene
expression.5,6 In prokaryotes, the -35 and -10 hexamers in the promoter are particularly
key for transcription initiation.20,82 Testing previously developed promoter tools, such as
those developed in well-studied model systems like E. coli, is a useful place to start
when adopting a new host. While the sigma-70 transcription factor is a well-conserved
initiator of housekeeping genes across many prokaryotes, different microorganisms
might have altered motif preferences.27,83 When readily available tools are insufficient, it
prompts the need to develop a new framework for building out genetic toolkits explicitly
tailored to new organisms.

A number of previous studies have proposed promoter prediction software based on a
variety of computational techniques, such as expectation maximization, kernel
alignment, hidden markov models, DNA stability, and neural networks.84–88 However
these efforts are primarily focused on E. coli promoters and validation relies on
pre-curated data sets82 or databases of known promoters.89–91 For non-model
organisms, which lack such databases, promoters must first be identified, annotated,
and experimentally characterized before such techniques can be applied. In order to
precisely identify promoters, there exist specialized RNA-seq protocols, such as
differential RNA-seq92 and 5’-RACE,93 that aid in the identification of transcription start
sites (TSSs). However, not all labs routinely collect these specialized data. Thus, a
method that relies solely on common data types - such as whole genome and
RNA-sequencing - would be beneficial in expanding the range of existing information
that could be utilized for developing promoter tools.

Over the past decade, the Lidstrom lab at the University of Washington has collected
RNA-seq samples measuring gene expression across a variety of conditions in the
methanotroph M. buryatense (more details available in Chapter 2). M. buryatense is an
extremely relevant organism for cycling methane, a potent greenhouse gas whose
emissions contribute to more than 20% of anthropogenic climate change.40 Previous
work in M. buryatense developed genome editing tools, a full-scale metabolic model,
and characterized a lanthanide metal switch.27,43,45,94–96 Notably, Puri et al. confirmed that
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E. coli promoter sequences such as Ptac and Plac can drive the expression of a reporter
gene; however, the ranking in expression strength of these promoters relative to the M.
buryatense native PmxaF was not preserved between organisms.27

Following up on this observation, we performed a preliminary analysis exploring the
potential for the suite of Anderson promoters97 developed for E. coli to work in a
methanotroph. While these sequences show strong to moderate expression in E. coli,
we found them to show differing expression strengths when used in M. buryatense: only
construct J23119 exhibited strong expression in M. buryatense while J23101, J23112,
and J23117 showed little to no expression in this methanotrophic host (Figure 3.1.). This
suggests that the regulatory grammar underlying M. buryatense is different enough that
solely using E. coli-based expression tools would be insufficient to effectively
manipulate gene expression in this organism and additional work to build up an
expression toolkit is needed. Given the compendium of RNA-seq data available and this
organism’s promising potential to serve as a metabolic engineering platform, we sought
to build an RNA-seq-based computational framework to develop promoter tools.

Figure 3.1. Anderson promoter expression in M. buryatense. A) XylE reporter assay results for four
Anderson promoters compared to the predicted consensus promoter for M. buryatense. The x-axis
represents XylE reporter activity in milli-Units / min normalized to OD600. Error bars represent the
standard deviation of 3 technical replicates. B) Sequence and expression information of the Anderson
promoters when used in E. coli versus M. buryatense. Notably, J23101, J23112, J23117 all exhibit
moderate to high expression in E. coli but are very low or non-detectable in M. buryatense. J23119 is
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the only Anderson promoter to show high activity in both E. coli and M. buryatense and shares the
exact -35 and -10 hexamer as the predicted consensus for M. buryatense.

Several recent efforts have used RNA-seq data to survey microbial genomes for
constitutively, strongly expressed genes.65–68 For example Luo et al 67 discovered a
panel of 25 constitutive promoters in Streptomyces albus while Ouyang et al 68 similarly
characterized 37 for a Burkholderiales strain. However, many of the promoter
sequences reported in these methods are hundreds of nucleotides long or encompass
the entire upstream window between the translation start site and the next upstream
gene. Though using a large upstream window ensures that the extracted sequence
contains the promoter elements involved in transcription initiation, these regions may
also contain other regulatory signals that, if incorporated in a heterologous expression
cassette, may result in unanticipated expression effects. Identifying minimal promoters
that contain only the core transcription initiation signal would 1) improve predictability by
isolating the signal from its surrounding context, and 2) reduce the genetic manipulation
burden of working with expression constructs containing long stretches of genome
homology that may induce unintended recombination events.98,99

3.2. A computational framework for promoter identification
To enable the development of genetic tools that are both explicitly tailored to a new
organism of interest and composed of relatively short DNA sequences that still confer
strong expression, we present the following computational framework (Figure 3.2.). It
proceeds in three main stages: 1) identification of a group of highly expressed genes
that maintain high transcript counts across a broad range of experimental conditions, 2)
extraction of the corresponding upstream candidate promoter regions of these highly
expressed genes while avoiding regions upstream of genes that may reside in operons,
and 3) application of the motif-finding algorithm in BioProspector100 to these upstream
regions to predict the location and sequence of the -35 and -10 hexamers that drive the
strong expression of these loci.

To identify sets of constitutively, highly expressed genes in stage 1, the TPM expression
values for each gene were calculated as an average within each of the experimental
conditions represented in the M. buryatense RNA-seq compendium. After ranking
genes in each condition from high to low, candidate sets of highly expressed genes
(referred to as “top genes”) were constructed at varying thresholds n such that all genes
in a candidate set remained in the top n% of genes across all conditions.
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Figure 3.2. Overview of promoter prediction framework. A) Independently, RNA-seq data are collected
and processed to reflect TPM counts. The framework proceeds in 3 main stages. B) First, samples are
aggregated by their assigned experimental conditions and averaged by gene. Top gene sets are
identified by ranking all genes from high to low expression and keeping all genes that appear in the top
n% of every condition for a given value of n. C) Before extracting upstream sequences, some of these
genes are filtered out if they are predicted to reside inside an operon (any operon-affiliated gene except
the first gene). Using this filtered set of top genes, we access their genbank annotations and extract a
sequence window 300 bases upstream from the feature start coordinate, though this window is
truncated to include only intergenic DNA if a neighboring feature appears within 300 nucleotides. D)
Finally, these upstream regions are fed to the BioProspector motif discovery tool to predict the best -35
and -10 promoters for each top gene. These predictions are additionally compiled into a consensus
motif for strong expression and are validated both computationally and experimentally.

After examining candidate top genes sets at every threshold between 1 and 10, we
observed a steep tradeoff between the number of top genes belonging to a set and the
lower bound of TPM expression among members of the top set (Figure 3.3.A). We
chose to proceed with the set corresponding to the top 3%. This balanced the number
of genes that qualify as being in the top expressed set (37 genes) while ensuring that
the average expression of members in the set are indeed strong - all members of the
top 3% set have consistently higher TPM expression values than the first standard
deviation of the remaining 97% of genes in every experimental condition. Most
members of the top 3% set maintain stronger expression than even the second
standard deviation of remaining genes (Figure 3.3.B).

29



Figure 3.3. Identification of top gene sets. A) Tradeoff between gene count and TPM expression for
different top gene sets depending on the n% threshold. Each point denotes a top gene set and shows
the total count of all genes in the set on the x-axis versus the minimum gene’s mean TPM value on the
y-axis. For small values of n, the mean TPM expression of the weakest gene in the top set increases,
while the total count of genes in the top set decreases, and vice versa. Filled circles represent all genes
that qualify as the top n% across all conditions. Open circles represent filtered versions of the same
set, where any gene predicted to be inside an operon (any except the first gene) has been excluded. B)
Expression strength of the top 3% gene set compared to the remaining genes in the genome. Each
colored line represents the TPM expression (log-scale) trend of a top gene across each of the
conditions in the RNA-seq compendium. The black dashed line represents the average log TPM
expression of all remaining genes in the genome. The dark and light gray bands represent the first and
second standard deviations, respectively.

The next stage of the framework extracts the sequences immediately upstream of each
top gene. These sequences are likely to contain promoter regions with constitutive
regulatory signals and the extraction was easily accomplished using genbank
annotation files and biopython software tools. However, since promoters are primarily
expected upstream of genes transcribed singly or upstream of the first gene in an
operon,101 it is important to exclude top genes that are likely to be downstream genes
residing inside operons; their immediate upstream sequences are likely to be the coding
sequences of neighboring genes rather than promoter regions.

Like many non-model bacteria, the operons of M. buryatense have not yet been formally
annotated. To exclude genes likely to be inside operons from the pattern identification
phase of the framework, we implemented a simple operon estimation strategy.
Specifically, we used BioPython to locate the feature annotation of each gene in the M.
buryatense genbank file (NCBI accession: CP035467.1) and scanned upstream to the
next feature located on the same strand. If the neighboring feature was within 120
bases of the candidate top gene, the top gene was excluded from further promoter
analysis. We chose 120 based on analysis of intra-operon gene distances of a small list
of known operons in M. buryatense: at this threshold, the bulk of known operon clusters
were captured, including the highly expressed pMMO gene cluster (Figure 3.4.).
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However, this operon distance setting is a flexible parameter in the computational
framework and can be configured by the user. Adjusted counts of top gene candidate
sets with possible operon genes excluded are visualized as open circles in Figure 3.3.A.

Figure 3.4. M. buryatense intra-operon upstream distances. Each point is a gene within a known
operon, colored by its operon membership. The x-axis is the distance in base pairs to the gene’s
immediate upstream neighbor within the same operon. The y-axis is jittered to spread out the points. A
violin plot underlay shows the distribution of genes' intra-operon distances. A threshold of 120bp is
used as the estimate for genes with unknown operon memberships.

Sequences extracted in stage 2 were provided as input to the motif detection tool
BioProspector,100 which was configured to search for a -35, -10 motif structure: a pair of
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hexamers separated by a 15-18bp spacer (Figure 3.5.A). Many computational tools
have been proposed for motif discovery tasks;102 we chose BioProspector for its
usability and flexible settings that enabled searching for 2-block motifs with variable
spacing (the structure of most known strong promoters in bacteria). The BioProspector
algorithm searches all input sequences for a common motif pattern that fits the
requested structure and reports five motif predictions, which are not necessarily unique.
Additionally, it reports the coordinate of the subsequence within each input sequence
where each motif match was found.

Figure 3.5. Building a consensus motif
from promoter predictions. A) Genes in the
top n% gene set have their upstream
sequences extracted from a genbank file
and stored in a fasta file. These are fed to
BioProspector, which searches among the
input sequences for a common motif
pattern. By default, BioProspector is
configured to search for a pair of hexamers
separated by 15-18 nucleotides. After
compiling 200 in silico replicates of the
BioProspector search results, the top
predictions for the -35, -10 promoter region
are reported. B) -35 and -10 consensus
motifs are constructed from the promoter
predictions by aligning the first six and final
six bases, respectively, of each prediction.
The resulting PWMs are visualized as a
sequence logo using the python package
Logomaker.

Due to the stochastic nature of its search process, our framework executes multiple in
silico replicates of the BioProspector search process (200 by default), yielding many
motif predictions. For each promoter input, we count the total votes for each promoter
candidate (i.e., the number of times BioProspector identifies the exact same
subsequence within the input promoter region as matching a predicted motif from any of
the in silico replicates). The most popular subsequence in terms of BioProspector votes
is selected as the best promoter prediction for each gene. Predictions are also reported
along with the margin of victory, that is, the difference in votes received by the predicted
sequence and the next most popular sequence. The margin of victory value helps to
distinguish cases where BioProspector very consistently predicted the same sequence
as the promoter signal, resulting in a high margin of victory, versus cases where multiple
potential promoter candidates were identified and the BioProspector motif search found
multiple candidates with similar frequency, which would result in a low margin of victory.
Users have access to the top k promoter predictions. The value for k is 3 by default but
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may be specified by the user. Margins of victory are reported for each input sequence,
letting users tap additional biological expertise or insight to override any predictions.

For each input gene, the sub-sequence that received the most votes was called as the
best -35, -10 promoter candidate. These top -35 and -10 predictions were compiled into
consensus hexamer motifs by creating position weight matrices (PWMs) from the first
six and final six bases, respectively, of the top-predicted promoter candidate sequences
for all inputs and visualized with Logomaker.103 We found the consensus motif to match
the canonical housekeeping consensus in E. coli: TTGACA, TATAAT (3.5.B). This is
partially expected given that previous work in M. buryatense was able to use the E. coli
Ptac and Plac promoters to drive reporter gene expression, albeit less strongly than the
native PmxaF.27

3.3. Computational validation: consensus motif frequency by
genomic region
To determine whether the consensus motif we discovered was correlated with M.
buryatense promoter regions, we searched through the entire M. buryatense genome
for sequence matches to the -35, -10 consensus motif determined from the top 3% of
genes (Figure 3.6.). Matches to the consensus were determined by computing four
variably-spaced position specific scoring matrices (PSSM) using the BioPython104 Motif
module (Figure 3.6.A). We then calculated the log odds score that each genome
subsequence matched one of the consensus PSSMs. Each match greater than 0.0 was
assigned to one of four genome categories based on the match position: 1) inside an
annotated feature, 2) intergenic, farther than 300 bases from a feature start coordinate,
3) intergenic, within 300 bases of a feature start coordinate, 4) intergenic, within 100
bases of a feature start coordinate (Figure 3.6.B).

The consensus motif was found in all four genome categories; however, after
normalizing the number of motif matches found by the number of possible genome
positions in each category, we found a higher frequency of consensus PSSM matches
in regions immediately upstream of genes. The highest concentration of matches
occurred in the 100 bases immediately upstream of an annotated feature (Figure 3.6.C).
When considering only consensus motif matches of very high quality (log odds > 12.0),
this enrichment was even more pronounced (Figure 3.6.D). These results support the
assertion that the motif signal we identified is correlated with promoter regions and was
not erroneously detected.
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Figure 3.6. Computational validation of the consensus motif. A) Four position specific scoring matrices
(PSSMs) are created from the -35 and -10 consensus motifs with intervening spacers of 15, 16, 17, or
18 nucleotide positions. All four PSSMs are used to search the entire genome sequence on both
strands for sequence matches to the PSSM. Any sequence with a log odds score above 0.0 (greater
similarity to the PSSM than random) is recorded as a match. B) Each match is assigned to one of four
genome region categories based on the position of the match. The four regions are 1) inside a gene
feature annotation, 2) intergenic, beyond 300 nucleotides from an annotated feature start coordinate, 3)
intergenic, within 300 nucleotides from an annotated feature start coordinate, or 4) intergenic, within
100 nucleotides of an feature start coordinate. Category 4 is a subset of Category 3. C) The count of
consensus PSSM matches in each genome region is normalized by the total number of genomic
positions in each category and plotted to depict the fraction of positions in each category where a
match was found. Promoter regions (categories 3 and 4) are enriched for sequences similar to the
consensus motif. D) The set of matches was filtered to include only extremely high quality matches
(sequences that matched consensus PSSM with a log odds > 12.0).

We repeated this analysis for different values of n to examine how the decision to use a
gene set from varying top n% thresholds might influence consensus motif prediction
results (Figure 3.7). Unsurprisingly, the consensus motif determined from only the top
1% of constitutively expressed genes was non-specific to promoter regions - it appeared
equally frequently in all four genome categories - and likely a false result due to small
sample size. At the other extreme, the consensus motifs found from the top 10% and
20% gene sets showed increased frequency in promoter regions, albeit with far fewer
high quality matches of the consensus. This result is probably because the 10% and
20% consensus motifs had an overall lower information content, as the signal for
“strong expression” was likely muddled by genes included in the top gene set but were
not actually expressed very strongly. Consensus motifs from the top 2% and 5% sets
were similar to the 3% set discussed earlier and showed large enrichment of high
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quality matches (log odds > 12.0). However, the top 4% set differed significantly: it had
much lower information content and yielded no high quality sequence matches despite
only minor differences in gene set membership. After further investigation, we are not
certain of the underlying reason for this deviation but suspect that the BioProspector
algorithm may be sensitive to the introduction of certain subsets of genes that subtly pull
the motif detection towards a weaker, competing signal. We thus recommend that future
analyses with this framework test multiple thresholds of n and proceed with a robust
consensus motif that shows enrichment of high quality sequence matches in promoter
regions.

Figure 3.7. Consensus motifs derived from varying top n% gene sets. Consensus motifs were
determined from upstream sequences of genes and used to search the entire genome for matches.
Matches were assigned to genome categories based on their positions and normalized by the number
of positions in each genome region, as in Figure 3.6. The top row of bars shows enrichment for all
matches (log odds > 0.0) while the bottom row of bars shows enrichment for only very high quality
PSSM matches (log odds > 12.0).

3.4. Experimental validation: assessing transcriptional activity of
promoter predictions via a xylE reporter assay
To further validate the biological relevance of promoter predictions from this
computational workflow, we next evaluated the predictions using a xylE reporter assay
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to measure transcriptional activity (Figure 3.8.A). Six promoter predictions, each only
27-30 nucleotides in length, demonstrated XylE activity greater than the promoter for
rpoD, a gene previously used as a reference for stable, moderate expression in M.
buryatense96 (Figure 3.8.B). We additionally created a synthetic construct containing the
exact -35 (TTGACA) and -10 (TATAAT) consensus hexamers with a random 17bp
spacer. This synthetic promoter does not appear anywhere in the M. buryatense
genome but it demonstrated strong XylE activity, with only one of the six native
promoter predictions exhibiting higher activity (Figure 3.8.B). The minimal consensus
promoter sequence generated here is a new tool for driving high constitutive expression
in this bacterium, and the other promoters identified can be used for increased or
decreased expression relative to the consensus.

Figure 3.8. Experimental validation of promoter predictions. A) Vector map of replicating plasmids used
in reporter gene assay. B) Expression results for 8 promoter constructs: 6 are members of the top 3%
promoter prediction set (dark blue); one construct was synthetically assembled to contain the exact
consensus for the predicted -35 (TTGACA) and -10 (TATAAT) motifs with a random spacer of length 17
(light blue); and the final construct is the promoter for M. buryatense RNA polymerase sigma 70 rpoD
(gray), which was used a representative reference for stable, moderate expression in M. buryatense.
The x-axis represents XylE reporter activity in milli-Units / min normalized to OD600. Error bars represent
the standard deviation of 3 technical replicates. C) In addition to the wildtype construct, three additional
“scrambled” constructs were built for each of the pmoC, pqqA, and ssrA promoter predictions: one with
the -35 hexamer replaced with the -35 anti-consensus sequence (AAAGGC), one with the -10 hexamer
replaced with the -10 anti-consensus sequence (ACCCTC), and one with the middle 6 nucleotides in
the spacer replaced with a random hexamer optimized for the greatest hamming distance relative to
each of the pmoC, pqqA, and ssrA spacers (AGTAAG). D) Expression results for the scrambled
sequence variants of pmoC, pqqA, and ssrA. XylE activity is measured as described in B).

Previous work characterizing housekeeping promoters in E. coli found that the -35 and
-10 hexamers were the most important sequences for transcription initiation.105 To verify
that the -35 and -10 hexamers within our predictions carried the core transcription
initiation signal, we created additional xylE reporter constructs with a section of the
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predicted promoter’s sequence scrambled (Figure 3.8.C). Specifically, we started with
the wildtype promoter prediction and independently replaced either the -35 or the -10
hexamer with an anti-consensus sequence derived from the consensus motif,
hypothesizing that these scrambled variants would disrupt transcriptional activity. As an
additional control, we created a construct where we scrambled the middle six bases of
the spacer. The spacer sequence may partially influence transcription initiation106,107

although spacer sequence length, rather than composition, is believed to be of greater
importance.105 Thus, we hypothesized that constructs with scrambled spacers but intact
-35 and -10 hexamers would have comparable transcriptional activity to the wildtype
prediction.

We conducted scrambled sequence experiments for three top genes: pmoC, pqqA, and
ssrA. We found that in all three cases, disrupting either the -35 or -10 hexamer was
sufficient to disrupt XylE activity, however disrupting a hexamer in the middle of the
spacer showed no discernable difference from wildtype XylE activity (Figure 3.8.D).

Several predicted promoters did not show strong XylE activity in the reporter assay,
even though sequencing verified the promoter and xylE sequences in the constructs. It
is possible that other factors were important in obtaining high transcript levels of the
genes involved with these promoters. These results demonstrate the importance of
experimental verification, once predicted promoters are obtained.

3.5. Pipeline validation with model organisms
After experimentally validating promoter predictions in a non-model organism, we
additionally assessed the performance of the entire computational pipeline on
previously published expression data for two well-studied bacteria using two
transcriptomics methodologies: Bacillus subtilis (gram positive, microarray 108) and E.
coli (gram negative, RNA-seq 63). For B. subtilis, the framework found sets of highly
expressed genes across 11 experimental conditions. The consensus sequence
compiled from the promoter predictions consistently reflected the known consensus for
the housekeeping sigma factor (sigma-A) across a wide range of top n% thresholds
(Figure 3.9.B). For E. coli, the consensus compiled from top promoter predictions
across 10 experimental conditions matched the sigma-70 motif in the -10 hexamer for
n=8-10%, however the canonical -35 hexamer was not clearly reflected (Figure 3.9.A).
In a previously published analysis of promoter information content comparing 8 species
of bacteria, Latif et al 109 reported that E. coli promoters have the lowest overall motif
information content (known promoters tended to have more variable sequences relative
to the consensus) while other organisms, including B. subtilis and Thermatoga maritima,
skewed very high in promoter information content (known promoters tended to have
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very conserved sequences relative to the consensus). This insight is consistent with the
information content trends seen for the E. coli and B. subtilis motifs compiled from our
framework’s promoter predictions, with M. buryatense motifs falling in between (Figure
3.9.C).

Figure 3.9. Validation of computational framework in model organisms. A) Consensus motif predictions
for the top 3%, 5%, 8%, 9% and 10% sets of top expressed genes in E. coli and their relative
frequencies in four genome locations, as in Figure 3.7. The -10 hexamer matches the canonical E. coli
housekeeping motif for 8-10% but is not reflected clearly for the -35 hexamer. B) Same as A) but for B.
subtilis. The canonical housekeeping promoter is clearly reflected for the -35 and -10 hexamers across
all top n% gene sets tested. C) Visualization to compare the quality of predicted motifs for different
gene sets across different organisms. Each point is a predicted motif from M. buryatense, E. coli, or B.
subtilis. The numerical label on each point is the top n% gene set used to derive that motif. The x-axis
represents the information content of each motif averaged across each of the 12 positions in the motif.
The y-axis represents the log2 ratio of the frequency of motif matches <100bp from a gene start to the
frequency the motif was found in intergenic regions (ratio of red bar to orange bar for each predicted
motif in panels A and B).
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It seems likely that our approach may not identify a precise promoter consensus in
organisms with naturally heightened variability in their promoters. However, this
framework should still be useful for identifying strong promoters as tools and is
appropriate for non-model organisms with less underlying variability and no
previously-known promoter tools. Since promoter variability may not be known before
conducting this analysis, we provide an additional tool for displaying information content
of identified motifs versus enrichment of the motif in promoter regions, as in Figure
3.9.C. Users may compare the framework-predicted consensus for a new organism with
our results from M. buryatense, B. subtilis, and E. coli as a guide.

3.6. Summary of contributions
The computational workflow described in this chapter relies solely on standard whole
genome and RNA-sequencing experimental data that are straight-forward and routine to
collect for most prokaryotes. We applied our pipeline to the industrially promising
methanotroph M. buryatense 5GB1 and report the following biological contributions: 1) a
set of 25 constitutively, highly expressed genes in all growth conditions tested (publicly
explorable via interactive visualization: erinhwilson.github.io/promoter-id-from-rnaseq);
2) a -35 and -10 consensus motif for constitutive strong expression in M. buryatense;
and 3) six experimentally validated 30bp sequences that can be used to drive strong
expression in this organism in a synthetic cassette.110

This effort resulted in a more thorough characterization of the relationship between
promoter sequence and strength in M. buryatense and discovered several promoters
not previously characterized. Not only do these findings contribute an expanded
expression toolkit to improve our ability to effectively engineer M. buryatense for
industrial biomolecule production processes, but the computational framework is open
source and may be similarly applied to tease apart key pieces of regulatory grammars in
other non-model organisms with limited experimental data. Ultimately, this framework
should help grow the potential of metabolic engineering platforms to more flexibly
pursue alternative organisms and develop a bioeconomy based on sustainably-sourced
materials.
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Chapter 4. Identification of iModulons in M.
buryatense

4.1. Gene regulatory networks
With a suite of strong, constitutive promoters, initial headway can be made to install and
test the feasibility of heterologous pathways in a new microbial host. However,
achieving maximum efficiency in molecule production is not synonymous with inducing
maximum possible expression of pathway genes. Excessive overexpression of
non-native pathways can actually be detrimental, as host organisms may be unable to
handle the additional metabolic burden of producing target molecules at extremely high
fluxes or become redox imbalanced.111

As scientists move towards more fine-tuned optimization of pathway configurations for
their organism, they must additionally have access to nuanced expression tools that can
more carefully balance metabolic fluxes. Decoupling an organism’s growth phase from
its molecule production phase has been shown to benefit productivity, enabling more
efficient metabolic engineering systems.112,113 Cells can dynamically swap between
these states during product generation if the transcription initiation of the growth and
production modules are properly regulated.

A common tool to better control the timing of a culture’s growth versus production
phases is a genetic switch: a functional regulatory element that can alter gene
expression in response to a change in the environment.114 Examples of environmental
changes include the addition of a small molecule to the growth medium, or simply a
change in temperature or light.114,115 Though cheaper materials will help processes
remain economical, anything that can be controlled experimentally and trigger a signal
cascade that activates or represses transcription, translation, or protein function could
be a genetic switch option.

Regulatory interventions that repress expression at transcription initiation are ideal for
conserving cellular resources, as synthesizing proteins costs significant energy.116

Promoters that are inducible or repressible with relatively low-cost changes to the
growth parameters are of particular interest for their potential to serve as metabolic
switches.114,117 In addition to the core promoter, the dynamics of transcription initiation
are largely controlled by networks of transcription factors (TFs) that recognize and bind
to particular DNA motifs, known as transcription factor binding sites (TFBS).29,118 TFBS
exist throughout the genome but are often concentrated in promoter regions; they tend
to be short (6-12 bases) and can be arranged in varying combinations.24,30 Cells
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interpret these TFBS patterns and use them to perform logical operations to determine
which genes need to be activated or repressed in response to the current environmental
conditions. Co-regulated genes often share similar TFBS in their promoter regions and
thus categorizing genes into modules based on their transcriptional response patterns is
a key first step for uncovering regulatory motifs with the potential to be developed as
expression tools.119

4.2. Methods for discovering groups of co-regulated genes
Given the intricate relationship between transcription initiation and an organism’s
genetic grammar, combining biological expression data with promoter sequence data to
gain insights into gene regulatory mechanisms is a well-trodden path. After all, the
ability to reliably predict phenotype from genotype is perhaps one of the most sought
after endeavors in modern molecular biology.120

A seminal platform that combines expression data with motif finding is cMonkey121 and
its extension cMonkey2.122 Designed to infer global gene regulatory networks, cMonkey
is able to integrate microarray data, common motif patterns in upstream DNA
sequences, and functional annotation networks to discover biclusters: clusters based on
both genes and subsets of experimental conditions. The goal of the cMonkey work was
primarily to discover functional biological modules and their regulatory networks, in
particular for the archaeon Halobacterium NRC-1. The authors’ approach to incorporate
motif and function data on top of expression data helped to constrain this vastly
under-constrained clustering problem and allowed them to detect biclusters that
recapitulated known biology as well as make novel predictions. While cMonkey’s
framing of how to integrate expression data with motif finding is quite useful, an
approach that does not rely on external annotations (e.g., metabolic pathway
associations, protein-protein interactions) could be more generalizable to non-model
organisms as these data are not always available when exploring organism hosts on the
frontier of our knowledge.

When TFBS sites are not yet known for an organism, new TFBS can be characterized
via experimental methods, such as ChIP-seq,123 as well as with de-novo motif-finding
techniques, such as PWM scanning,124 expectation maximization,84,125,126 markov
models,100,127 and many others.102 Another approach that has seen recent success is
independent component analysis (ICA): an unsupervised matrix decomposition
technique.128 Originally developed to parse independent signal sources from mixed
audio recordings, ICA has previously been applied to microarray gene expression data,
and more recently, to RNA-seq data in a wide array of organisms.129,130 Notably, ICA has
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been shown to outperform various types of biclustering methods for gene module
detection tasks in model organism and synthetic datasets.131

As a brief summary, the intuition for using ICA in transcriptomic contexts is the
conceptual similarity of overlapping “speaker signals” present in audio recordings taken
throughout a noisy room to the idea of mixed “transcription factor signals” that contribute
to expression levels in RNA-seq measurements in a variety of different growth
conditions. Specifically, ICA decomposes an expression matrix into two parts: 1) the
Module matrix where each gene is assigned to one or more independently modulated
groups, each of which is regulated by a distinct signal source (i.e. a transcription factor),
and 2) the Activity matrix, an estimate of the overall expression signal strength of each
independent component in each of the experimental conditions measured. Analyzing
these separated matrices can provide biological insights about the transcriptional
network structure of the organism by elucidating sets of genes that are influenced by the
same expression signal. Furthermore, by estimating the conditions in which each signal
source is most active, ICA can indicate the likely biological function of that signaling
mechanism.63

A database of ICA analyses for detecting independent gene modules (iModulons) from
gene expression matrices has been growing rapidly.130 Named iModulonDB, the
accessible open-source workflows available along with a sophisticated interactive user
interface made this an attractive method for discovering regulated gene modules in a
non-model organism like M. buryatense.

4.3. Characterization of iModulons in M. buryatense
The M. buryatense RNA-seq compendium is a promising dataset for ICA analysis.
Though the number of experimental conditions explored is relatively smaller than
several of the preliminary works in the iModulon database in model organisms like E.
coli and B. subtilis, we anticipated that its diversity would still enable deeper
characterization of several regulatory responses of interest.

In particular, a subset of conditions that measured RNA-seq over the course of a copper
transition experiment was of high interest - our research group has previously observed
a set of genes involved in a significant transcriptional repression response though the
precise regulatory mechanism is not yet known.132 As copper is a relatively cheap
additive to the growth medium, it is a potential facilitator of a growth-to-production toggle
switch for M. buryatense and deeper investigation of the signaling network controlling
this gene module would be illuminating for genetic tool development.
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Following the open-source protocols established by Sastry et al. (workflow repository:
https://github.com/avsastry/modulome-workflow), we executed ICA analysis for
iModulon detection. We prepared our RNA-seq data by calculating the log ratio of the
TPM value for each gene in each sample relative to the average TPM of that gene in
the baseline uMax (ideal maximal growth) condition. The workflow then runs PCA on
the TPM matrix to reduce the dimensionality before running the ICA algorithm for 100
separate iterations. The ICA results from 100 runs were clustered using DBSCAN to
detect robust modules that were detected in multiple ICA iterations. After repeating the
robust module detection process for a range of principal components (i.e. the number of
principal components used for ICA ranged from 20 to the maximum number of samples,
increasing by steps of 20), the optimal number of principal components that results in
the highest number of robust ICA-derived modules is chosen for a final ICA run. The
final ICA run produces the Module and Activity matrices, after which a set of predicted
iModulons are available for curation and investigation.

After executing the recommended ICA workflow, 43 iModulons were identified from the
M. buryatense RNA-seq compendium (Table 4.1). If annotations such as GO terms of
KEGG pathways are available, the workflow additionally enables enrichment analysis to
aid in iModulon function characterization.

iModulon ID Label # of Genes

0 unclear 91

1 possible nutrient limitation transport 41

2 driven by single-gene (SG_1) 62

3
growth rate and transport related; energy systems
down 178

4 copper repression 9

5 growth rate (translation) 223

6 SOS response 99

7 unclear 8

8 copper repression 20

9 driven by single-gene (SG_2) 1

10 membrane biogenesis 142

11 lanthanum repression 14

12 nutrient stress/chemotaxis 45

13 unclear 5

14 unclear 41

15 possible response to low methane 258

43
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16 unclear 22

17 unclear 67

18 driven by single-gene (SG_3) 1

19 unclear 16

20 nitrogen restriction 62

21 partially growth rate-related 38

22 driven by single-gene (SG_4) 1

23 partially stress-related 88

24 driven by single-gene (SG_5) 1

25 stress response partial 18

26 unclear 5

27 driven by single-gene (SG_6) 1

28 growth rate subset 30

29 O2 limitation 39

30 nutrient stress 19

31 nitrogen limitation (Nif) 53

32 driven by single-gene (SG_7) 2

33 driven by single-gene (SG_8) 1

34 iron restriction 12

35 unclear 18

36 unclear 4

37 metal stress 143

38 nutrient stress partial 53

39 driven by single-gene (SG_9) 3

40 unclear 18

41 driven by single-gene (SG_10) 1

42 unclear 3
Table 4.1. Characterization of iModulons discovered in M. buryatense. Rows highlighted in green are
worth following up experimentally.

Over half of the genes in M. buryatense were not assigned to any iModulon, possibly
because those genes are not significantly regulated or they are not regulated in
conditions covered in the dataset (Figure 4.1.A). While this result was concerning at
first, the E. coli and B. subtilis ICA analyses from Sastry et al.63 and Rychel et al.64

showed similar trends. In our analysis, over 1,000 genes were assigned to 1 or 2
iModulons, and a few genes were assigned to as many as 8 or 9. The average size
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across the iModulons was 46.9 genes, though most were smaller than 20 and a handful
were greater than 100 (Figure 4.1.B).

Figure 4.1. Summary of iModulon statistics in M. buryatense. A) Distribution of the number of
iModulons to which individual genes were assigned. B) Scatter plot of iModulon size versus the amount
of ICA variance explained by the gene members of the iModulon (n = 43 iModulons).

Several iModulons that recapitulate known systems in M. buryatense were immediately
apparent. iModulon 4 clearly shows the sMMO gene cluster: the soluble methane
monooxygenase that converts methane to methanol in the absence of copper (the
pMMO enzyme is preferred when copper is present). This iModulon contains only 9
genes but explains a large portion of the variance from the ICA analysis (Figure 4.2.A)
and these genes are all colocated on the genome (Figure 4.2.B). The activity of
iModulon 4 is, as expected, highest in the “No Copper” condition and tapers off as
copper increases (Figure 4.2.C).

Interestingly, there is a second iModulon that is active when copper is absent: iModulon
8. Comprised of 20 genes, this module explains a similar level of ICA variance but is
primarily located on a different area of the genome (Figure 4.2.D-F). iModulon 8
includes the copper binding protein corA, seven hypothetical proteins, several putative
secretion proteins, and an RNA polymerase sigma factor EQU24_RS01900 that is
much earlier on the genome. One member of iModulon 8, EQU24_RS19520, has been
computationally annotated as a secretion protein and is notably the overall highest
expressed gene in the No Copper condition, beyond even the highly expressed pMMO
gene cluster. Its exact function is unknown.
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Figure 4.2. Copper
repressible iModulons.
A/D) Indicator of
module size versus
variance explained for
iModulon 4 and
iModulon 8,
respectively.
B/E) Module (M) matrix
weight for each gene’s
contribution to the
overall iModulon signal
versus its position on
the M. buryatense
genome.
C/F) iModulon Activity
(A) vector across in all
RNA-seq samples
(black dots) averaged
within each
experimental condition
group (bars).
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Two other iModulons represent well known regulons in M. buryatense: iModulon 11,
which contains lanthanum-repressible genes, and iModulon 31, which contains nitrogen
fixation (Nif) pathway genes. Lanthanum has been identified as a repressor of the mxaF
gene cluster for methanol dehydrogenase. When lanthanum is present, M. buryatense
switches from the mxaF system to an alternative methanol dehydrogenase, encoded by
xoxF. This switch can be observed in the stark drop in activity of iModulon 11 in the
“With Lanthanum” condition relative to the “No Lanthanum” condition. The iModulon is
also dramatically reduced in the crotonic acid condition. These samples were collected
in unpublished work where it is suspected that strains accumulated a mutation that
dysregulated the mxaF pathway. Notably, xoxF has the largest negative weight in this
iModulon, though not quite enough to pass the threshold for being automatically called
in this iModulon (Figure 4.3.A-C). On the other hand, iModulon 31 is quite a bit larger,
containing a large Nif-gene cluster. Expectedly, this module is relatively active in the
nitrogen-limited conditions “NO3_lowO2_slow_growth” and “aa3_KO” as the cells
attempt to bring in more nitrogen resources (Figure 4.3.D-F).

Two other notable iModulons are 12 and 34, which are less well understood but appear
to be nutrient stress and iron uptake-related, respectively. iModulon 12 contains 45
genes, many of which are chemotaxis proteins, suggesting that the cells were
upregulating systems to move and search out nutrients when resources were low
(Figure 4.4.A-C). iModulon 34 seems primarily driven by a response observed in two
replicates from the lowO2_fast_growth fermenter runs and contains several iron uptake
or iron transporter genes (Figure 4.4.D-F). It is likely these two fermenter runs became
iron-stressed.

Most iModulons detected have been assigned preliminary functions based on activity
profiles across the various growth conditions, gene members, and enriched GO term
and KEGG pathway annotations. A handful of iModulons appear to be noise: the overall
activity of the iModulon was largely driven by a single gene or there were many genes
scattered along the genome that were included in an iModulon but the activity boundary
between genes that were included versus excluded was not distinct. Noisy and
single-gene iModulons also exist in the E. coli and B. subtilis analyses and are thought
to be some combination of mixed or broad signals or a technical artifact. Such
iModulons found in M. buryatense are not likely worth further investigation. A description
of our current understanding of each M. buryatense iModulon is available in Table 4.1.
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Figure 4.3. Lanthanum
repressible (iModulon
11) and Nif-cluster
(iModulon 31)
iModulons.
A-F) Same as Figure
4.2 but for iModulon 11
and iModulon 31.
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Figure 4.4. Nutrient
limited (iModulon 12)
and iron-uptake
(iModulon 34)
iModulons.
A-F) Same as Figure
4.2 but for iModulon 12
and iModulon 34.
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4.4. Future directions for M. buryatense iModulon investigation
iModulon characterization was significantly aided by the inspection of iModulon activity
across experimental conditions, gene expression information, gene set membership,
and additional GO annotations. To enhance this curation effort, we took extra steps to
provide a suite of interactive visualizations. The iModulonDB is an excellent visual
resource and we adapted computational protocols to customize the interface into a
series of dashboards hosted on a local server within our research group. Importantly,
this interface enabled drilling down into specific genes and specific fermentor runs with
hover tooltips, gene ID, and gene product search functionality, and clickable data points
and tables that transport the user to another view with more specific information. These
extra visualization tools were quite valuable in our curation efforts.

While the analysis described in this chapter is exclusively computational, it raised
several hypotheses worth exploring experimentally. For example, previous efforts to
knock out EQU24_RS19520 (the extremely highly expressed gene in the “No Copper”
condition) have been unsuccessful. However genes within the nearby cluster as well as
the sigma factor also identified in iModulon 8 are promising mutation or knockdown
targets. Further investigation could improve our understanding of potential components
in the M. buryatense copper-uptake or related secretion system that is distinct enough
from the well characterized sMMO response to be in a separate iModulon.

Furthermore, iModulon 8 as well as the nutrient-limited iModulon 12 and the iron-limited
iModulon 34 each contain a handful of hypothetical proteins. Experimental validation of
the influence of these genes on M. buryatense fitness in the growth conditions in which
each iModulon was most active could help further elucidate the function of a set of
putative or unknown genes in this organism.

More broadly, this preliminary suite of gene modules can serve as a foundation for
further development of genetic tools that control expression responses in specific
growth conditions. Searching for shared TFBS motifs within promoter regions of
iModulon members may elucidate specific sequence patterns that influence expression,
and in fact, the iModulonDB workflow contains a section for applying the MEME-suite126

of motif detection tools. Our past efforts applying MEME tools to M. buryatense
promoter regions were not fruitful, however we were excited by the possibility of using
iModulon groups as predictive labels in deep learning approaches detailed in Chapter 5.

Overall, by leveraging unsupervised machine learning techniques on a unique
compendium of M. buryatense RNA-seq data, this work contributed to a broader
characterization of diverse transcriptional responses in this non-model organism. While
several experimental mutation targets have already surfaced as a result of exploring the
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data through interactive visualizations, there remains much to be learned. This current
estimate of independently modulated gene groups can be expanded and further tuned
as additional RNA-seq data are collected, especially in new growth regimes. In the next
chapter, we proceed with deep learning approaches to discover influential elements in
the M. buryatense genetic grammar. As part of this effort, we incorporate the iModulon
labels discovered here as prediction targets and explore the potential of additional
regulatory structure to enhance model learning.
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Chapter 5. Probing the limits of deep learning for
genomics in data-limited regimes

5.1. Learning sequence-to-function relationships
Genetic grammars are largely composed of short DNA sequence patterns that are
scattered throughout the genome. These patterns range from nearby motifs that recruit
transcription factors to bind and activate or repress transcription, to distant motifs that
influence DNA conformational changes to similarly promote or reduce transcription.20

Building models to predict these “sequence-to-function” relationships is an ongoing
effort across computational biology, especially in medical contexts where elucidating
variants that influence disease-causing transcriptional dysregulation has major
therapeutic potential.133,134 But similarly for synthetic biology, identifying key motifs as
well as understanding the influence of their specific combinations and arrangements on
transcription activation is essential to efficiently engineering organisms to execute novel
gene expression programs for biomolecule production.

Regulatory motifs can be discovered and characterized via experimental methods, such
as ChIP-seq123 and ATAC-seq.135 Additionally, many computational motif-finding
techniques have been developed, such as PWM scanning,124 expectation
maximization,84,125,126 markov models,100,127 and many others.102 A newer suite of
approaches has recently gained traction with the rise of machine learning. In particular,
deep learning - a subset of machine learning that focuses on multi-layered networks
capable of learning non-linear relationships between inputs - has emerged as a
promising tool for detecting regulatory motifs and other efforts in synthetic biology.136–138

Deep learning excels at automatically detecting patterns in unstructured sequences of
data. For example in image classification tasks, without explicitly instructing a model to
find eyes, noses, and mouths when identifying pictures of humans, models have been
shown to learn these features on their own.139 This approach is similarly well-suited for
many biological tasks, especially in regulatory genomics.136,140,141 One of the first deep
learning models developed for genomics was DeepBind,78 a model trained to predict
experimentally determined protein binding scores for a dataset of variable-length
sequences using a convolutional neural network (CNN). CNNs are a type of deep
learning architecture that use learnable sliding filters, which can discover patterns even
when the location of the pattern within the input is unknown. Alipanahi et al. 78 were able
to reliably predict DNA and RNA protein binding specificities while other prominent work
such as DeepSea79 and Basset80 successfully trained CNNs to recognize TFBS sites in
ChIP-seq data and predict accessible genome regions from DNase-seq data,
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respectively. Recurrent neural networks (RNNs) with long short-term memory (LSTM)
have also been explored and can improve performance on these tasks.142,143 The
number of publications using deep learning to make significant improvements in
biological prediction tasks continues to expand to topics such as chromatin state, mRNA
abundance, and protein design.133,144,145

Another successful tactic in learning sequence-to-function relationships has been
training models on Massively Parallel Reporter Assay (MPRA) data. The combinatorial
search space for DNA sequences is incredibly vast. Even for relatively short sequences
of 50bp, the total possible sequences, 450, is more than the number of stars in the
observable universe (~1023).146 The number of genes in the genome is but a tiny fraction
of the search space, and so an alternative approach is to synthesize randomized
sequences and experimentally measure their influence on gene expression. The key
insight is that even though many sequences will be nonsense in the language of an
organism’s grammar, some will by chance contain relevant patterns or motifs, such as
binding sites, that have a measurable influence on expression. Though testing all
possible sequences and learning their functions is experimentally intractable, testing
hundreds-of-thousands to millions of random sequences is already a much wider scope
than using native genes alone. Several notable works train deep learning models on
MPRA data measuring regulatory effects within the 5’UTR,72,73 3’UTR,75,147 and
promoters,76,77 and can predict expression levels directly from DNA sequences with high
success. However, these experimental protocols are quite specialized and would
require intensive development to be adapted for many non-model organisms.

Many of the initial and high profile deep learning models for biology focused on human
genomes, and in particular, the potential to elucidate rules of non-coding DNA
sequences with relevance to various medical conditions. However, work focusing on
microbial gene regulation has grown as well. A number of models, such as BaccPP,148

bTSSfinder,149 and CNNProm150 aim to classify sequences by their likelihood of being a
promoter while others estimate promoter strength directly from its sequence.151,152 The
tool iPSW(PseDNC-DL)153 attempts both to classify sequences as promoters and
subsequently estimate its strength by using both a CNN architecture combined with
pseudo dinucleotide composition information (a vector of length 16 containing 2-mer
frequencies).

Notably, all of these methods benefit from access to pre-curated databases of known
promoters and their strengths. Most frequently used is RegulonDB,89 a compilation of
both computationally predicted and experimentally validated promoter sequences in E.
coli. While RegulonDB is a valuable resource as a benchmark dataset, the tendency to
over-engineer tools to fit a particular benchmark can be risky in machine learning.
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Showing modest improvement over competitors on a benchmark task is less meaningful
if it causes a loss in generalizability to other non-benchmark tasks.154

Expanding modeling efforts to interrogate organisms without such well-curated
databases is difficult. To do so, we must frame modeling tasks such that useful patterns
can still be learned even in the absence of ground truth annotations. For example, if
promoter sequences have not yet been formally mapped or identified in an organism,
evaluating the accuracy of True or False predictions for sequences that are candidate
promoters will likely be unreliable. However if expression data exist where genes are
measured to be differentially active, predicting the behavior of a candidate promoter,
such as its tendency to increase or decrease expression, may be feasible instead.

5.2. Exploration of deep learning techniques for M. buryatense

5.2.1. Initial modeling approach
The diversity of successful prediction efforts that apply deep learning models for ‘omics
tasks prompted us to explore their application for predicting M. buryatense
transcriptional responses directly from the DNA sequence of its promoter regions.
Especially since a curated database of promoters and transcription factor binding motifs
is not available for this organism, we wished to determine whether convolutional models
that can automatically detect patterns from the data could better enable their discovery.

Our previous attempts to discover regulatory patterns used the MEME-suite126 of motif
detection tools, however after lengthy troubleshooting, we were not able to find
promising motif signatures that were both significant and widely prevalent within M.
buryatense promoter regions. It is possible the MEME-suite tools had more difficulty
with these sequences due to noise in our promoter region dataset. Promoter
annotations typically are based off of the transcription start site, however since these
have not been explicitly mapped in M. buryatense, we use 300bp sequence windows
upstream of the translation start site (start codon). Alternatively, M. buryatense may
have a sufficiently different pattern or structure to its grammar that is more difficult for
the expectation maximization framework in the MEME tools to capture. Ultimately, we
are unsure of the reason for the largely insignificant MEME results but instead chose
another approach.

Deep learning approaches offer an opportunity to jointly model transcriptional responses
across many growth conditions at once as opposed to searching for motifs in one
co-regulated group of genes at a time, as is standard in MEME-suite analyses. Since
the M. buryatense RNA-seq compendium measures RNA counts across 17 different
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growth conditions, we were especially interested in exploring multi-task deep learning
methods for further decoding regulatory patterns that influence transcription across
multiple different conditions. Because TFBS motifs may have regulatory relevance
across multiple conditions, the multi-task setup would allow models to share learned
features across related prediction tasks.79

The project described in this chapter set out to discover novel regulated promoter motifs
in M. buryatense, with the eventual goal of extending the method to other non-model
organisms. A big question from the outset was whether the RNA-seq compendium
contained enough signal for deep learning models to adequately learn the nuances of
gene regulation. After all, deep learning models are hungry creatures and thrive in big
data regimes. While empirically, model performance tends to decrease as training data
decreases,155 it was not clear if our dataset fell beneath a threshold that was
insurmountable for deep learning methods, and thus we proceeded with our
investigation.

Our initial approach tested various deep learning model architectures to predict gene
expression responses across a variety of growth conditions directly from genes’
upstream DNA sequences (Figure 5.1.). Subsequently, we planned to use feature
attribution methods156–159 to identify patterns that most influenced models predictions.

Figure 5.1. Overview of sequence-to-function learning approach. Transcript per million (TPM) values
from the M. buryatense RNA-seq compendium were paired with the promoter region (300bp upstream
of the start codon) for each gene. Promoter DNA was one-hot encoded and fed as inputs to deep
learning models while the TPM values (or a transformation thereof) were used as the label (prediction
target). Various deep model architectures, primarily hyperparameter variants of CNNs, LSTMs or
CNN+LSTM combinations were tested.

To prepare our previously compiled RNA-seq dataset for deep learning tasks, we
created two matrices X and Y. X is the input data matrix: 300bp DNA sequences
immediately upstream of each of the 4,213 genes in M. buryatense. Y is the label
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matrix: columns of measured TPM values for each gene in each RNA-seq experiment.
As described in Chapter 3, RNA-seq experiments belonging to the same growth
condition were averaged and genes likely to reside inside operons were excluded. After
taking these into account, the transformed dataset consists of 2,204 gene upstream
region examples (X) labeled with genes’ average TPM values for 17 experimental
conditions (Y). Notably, ~2,000 examples is a relatively small dataset compared to
previous sequence-to-function learning efforts described in section 5.1, which typically
trained on tens-of-thousands to millions of examples. Especially when divided into
training, validation, and test sets at an 80% split ratio, learning complex genetics with
~1,700 examples is quite small indeed.

5.2.2. Results and challenges
A 17-way multi-task prediction framework is a fairly complex starting point (and difficult
to debug should predictions fail). Therefore, we decided to start our implementation with
a more focused question to ensure our approach can demonstrate robustness on
simpler modeling tasks. This stepwise approach to start simple before building towards
more complex goals helped us identify various challenges related to our dataset and
make adjustments.

To reduce initial complexity, we updated our modeling target to be a subtask of the
original goal: identify regulatory motifs that activate or repress gene expression in the
presence or absence of copper. Copper is known to have a repressive effect on portions
of M. buryatense’s methane assimilation pathway132 however the exact regulatory
mechanism of this repression is not known. Given that a subset of genes have a
measurable transcriptional response to variations in copper concentration, a TF binding
mechanism is a plausible explanation. Additionally, copper is a relatively inexpensive
medium component and thus a feasible material to use as a metabolic switch trigger for
M. buryatense. Identifying a copper-responsive regulatory motif would be a highly useful
outcome as we build out this organism’s metabolic engineering toolkit.

Towards this more focused goal, we adjusted our data label matrix Y to only use
conditions from two copper-related experiments: the “No Copper” growth regime and
the “High Copper” growth regime. Specifically, for each gene, we calculated the log-ratio
of its “High Copper” TPM value to its “No Copper” TPM value and replaced the
17-column Y matrix with this single, transformed column (referred to as the “log ratio
copper expression value”).

After analyzing our initial modeling efforts, we found that framing our prediction tasks as
a regression on log ratio copper expression values was not feasible given the extremely
narrow data distribution (Figure 5.2.A-B). Instead of learning to predict higher values for
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genes relatively upregulated in “High Copper” and lower values for genes relatively
upregulated in “No Copper,” every model configuration predicted the dataset mean
(representative example, Figure 5.2.C). The range of log ratio copper values is not
normally distributed as most genes in M. buryatense don’t respond to copper: only a
small handful show a significant relative change between the “High Copper” and “No
Copper” conditions. This indicated that the models were not actually learning to predict
the variable expression of this small copper-responsive subset. Perhaps more
accurately, it was never “worth it” for the models to risk predicting such outlying values
(and take large penalties in the mean squared error (MSE) loss function): 95% of the
genes were tightly distributed around the mean and thus MSE was best minimized by
simply predicting the mean.

From a sequence design standpoint, it would have been useful to have a model that
could predict continuous TPM values for a given input sequence and thus be minimized
or maximized to tune a designed promoter up or down. However, we decided to move
away from continuous-valued regression analyses that are drawn towards the overriding
trends in data (in our case, not changing in response to copper) and instead reframe to
a classification task in order to better capture genes in these outlying TPM ranges. With
this adjustment, our genes were binned into one of three classes: “Up in Copper,”
“Down in Copper,” or “No Change.” After analyzing genes ranked by TPM values
coupled with expert biological knowledge of M. buryatense, we moved forward with 0.6
and -0.6 as thresholds: genes surpassing these thresholds for log ratio copper values
were included in the Up and Down classes, respectively (Figure 5.2.D). After replacing
the final linear regression layer of each model architecture with a classification layer, we
next trained models to inspect genes’ 300bp upstream regions and predict the assigned
copper class. For a three-class classification task, model performances are assessed
using Cross Entropy Loss and overall prediction errors are reported with confusion
matrices and class-balanced F1 scores (“Macro-F1”) to balance precision and recall
across the three class labels.

In the realm of classification, our first challenge was class imbalance - a situation in
which there is a large discrepancy between the number of examples depicting each
class label, making it difficult to accurately classify instances from the minority groups.160

With the -0.6 and 0.6 thresholds, the M. buryatense copper class distribution has 58
examples in the “Up” class, 145 in the “Down” class, and 1,956 in the “No Change”
class, and thus highly imbalanced towards “No Change” with two minority groups.
Unsurprisingly, our initial attempts at classification resulted in most models exclusively
predicting the majority “No Change” class for every example seen (representative
example, Figure 5.2.E,H). To mitigate class imbalance, we started by oversampling the
minority classes (SMOTE)161 and found that this helped models start to overfit to the
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training data rather than solely predict the majority class, and thus learn nothing
(representative example Figure 5.2.F,I). However, SMOTE still resulted in highly overfit
models, as the predictions on the validation set remained poor (class balanced-F1 score
= 0.32) (Figure 5.2.I) and the validation loss curves starkly diverged from the training
loss (Figure 5.2.G).

Figure 5.2. Initial deep learning results for M. buryatense copper prediction tasks. A) Histogram showing distribution of
log ratio copper expression values (log2 ratio of genes’ “High Copper” TPM value to “No Copper” TPM value) across
train, validation, and test splits. B) Strip plot showing same distribution, more clearly emphasizing the small handful of
extremely negative ratio values. C) Representative example of a parity plot for a CNN model attempting a regression
prediction: all predictions are simply the mean of the distribution. D) M. buryatense genes ranked by the log ratio copper
expression values. At a threshold of +/- 0.6, genes were split into 3 classes (inset). E) Sampled class distribution across
each training batch. F) Sampled class distribution across each training batch using SMOTE to rebalance the frequency
minority classes are included. G) Training (light lines) and validation (dark lines) loss curves over training epochs for
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default (blue) and SMOTE (orange) sampling strategies, measured by Cross Entropy Loss. The epoch during which the
minimum validation loss was achieved is marked with a dotted cross. In this case, SMOTE did not alleviate overfitting
behavior. H) Confusion matrices for train set predictions (top row) and validation set predictions (bottom row) using the
default sampling strategy. Confusion matrix colors are visualized as raw counts (left column) and counts normalized by
total class size (right column). Labels: Class 0 = “Down in Copper”; Class 1 = “No change in Copper”; “Class 2 = “Up in
Copper.” Overall F1-scores are reported for train and validation predictions below. I) Same as H, but for the SMOTE
sampling strategy.

We pursued other class imbalance mitigation techniques, including re-weighting the loss
function to incur higher penalties for mis-predicting minority classes, and augmenting
the dataset by creating in-silico mutational variants or extracting multiple promoter
regions from a wider sliding window around the translation start site. Additionally, we
incorporated dropout, early-stopping and gradient clipping into our training process,
conducted broader hyperparameter searches across other model types and
architectures, and adjusted our train/test split algorithm to ensure highly similar
promoter sequences were sorted into the same division of the dataset. We considered if
the multi-task framework could enforce further constraints on the prediction task and
re-framed the prediction task in a few other ways. Initially, we returned to our original
idea: a multi-task regression to predict log-normalized TPM values in all 17 conditions
simultaneously. Additionally, we attempted a multi-label classification task to predict
gene iModulon membership from the promoter region based on the iModulon groups
identified in Chapter 4 (Figure 5.3).

Figure 5.3. Schematic representation of performance trends observed for regression and classification
task formulations. Continuous values (TPMs, log ratio of TPM relative to a baseline condition) were
attempted in various single-task and multi-task formulations. Discrete class labels using log ratio TPM
threshold to assign groups were tested, as well as multi-label binary classification tasks using iModulon
labels. Despite various class imbalance, data augmentation, and overfitting mitigation strategies across
numerous model types, performance trends primarily showed that models memorized the training data
and did not generalize to the validation or test data (representative examples of overfitting parity plot
and confusion matrix).
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Unfortunately, none of the above tactics prevented the models from overfitting to the
training data while learning patterns that generalized to the test data. For regression
tasks, we primarily observed low Pearson correlation and R2 scores when comparing
the observed versus predicted values for each gene (Pearson score generally < 0.3).
For the classification task, we instead observed low class-balanced F1-score (generally
between 0.33 - 0.39). A representative example of a summary plot from a
hyperparameter search that varied model architectures, learning rate, and data
augmentation strategy to improve performance on the copper classification task is
shown in Figure 5.4.

Figure 5.4. M. buryatense classification results from a hyperparameter search. A-E) Schematics of model
architectures tested. F) Macro-F1-scores (average F1 over three classes to account for class imbalance) for
models using a SMOTE re-weighted sampler to predict copper classes (defined in Figure 5.2.D). Data
augmentation legend: “no_aug” = no data augmentation strategy used; “revslide50”: training data augmented by
including reverse complemented sequences and sliding 300bp windows over promoter regions that have been
extended by 100bp upstream and downstream, window stride of 50; “mutation0.03” = training data augmented by
generating 10 copies of each training sequence and mutating single bases at a rate of 0.03; “mutation0.1” =
training data augmented by generating 10 copies of each training sequence and mutating single bases at a rate
of 0.1.

The difficulty of achieving reasonable model performance prompted us to reconsider
some of our initial concerns about the dataset. Was the M. buryatense RNA-seq
compendium too noisy? Are the number of gene examples in the genome too few to
capture the complexity of its genetic grammar?
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Given the ability of MPRA approaches to much more widely explore regulatory
sequence space and provide extremely large datasets, we discussed the possibility of
adapting a promoter MPRA to work in M. buryatense as a means of increasing the
number of training examples. However, the relatively low transformation efficiency
observed in past M. buryatense work would make such a high throughput experiment
extremely difficult, suggesting this approach would have a very low likelihood of
success. Furthermore, if deep learning methods are to be readily applicable to other
non-model organisms with less extensive experimental protocols available, resorting to
MPRA data would decrease the generalizability of the approach.

But this left us curious: if dataset size is the primary issue limiting model performance,
how much data would be enough? To further investigate the limits of deep learning for
predicting expression behavior in non-model microbes, we examined MPRA datasets in
other organisms and a suite of synthetic prediction tasks where we evaluated model
performance across varying degrees of data limitation.

5.3. Investigating performance limits of a systematically reduced
MPRA dataset
As noted earlier, MPRA experiments have enabled deep learning models to learn
biological features within random DNA sequences. The diversity of input sequences and
the sheer number of examples to train on is well-suited to deep learning approaches
and their power to learn influential motifs has been demonstrated to predict various
types of regulatory phenomena.72–76,147 While it is not surprising that more (high-quality)
data generally leads to better predictive power, we were interested to stress the limits of
data availability: we know these methods are useful with massive datasets, but at what
point does their predictive power break down?

To explore this further, we used the MPRA from Cuperus et al., which was used to
predict expression enrichment in selective growth media from 50bp random sequences
in an S. cerevisiae 5’UTR library.72 We chose this dataset for a few reasons. First, it is
large, but not gigantic: with ~500,000 sequence examples, the authors report
moderately high correlation (R2 score = 0.61) between measured and predicted values.
Since our ultimate goal is to systematically reduce an MPRA down to the dataset size
regime of the M. buryatense genome, this was a reasonable size from which to start
reducing. Second, while S. cerevisiae is not a prokaryote like M. buryatense and the
5’UTR is not equivalent to the promoter region, it examines a key regulatory region in a
model microbe commonly used in metabolic engineering and thus more similar to our
desired context than human MPRA data. We considered a few E. coli datasets but the
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ones we found used sequences that were genomically-derived instead of random, the
predictive performance of the models described had much lower correlation values, or
they were difficult to download and use.162–165 The Cuperus et al. data was easily found
and accessible on Github and had no major data wrangling hurdles that impeded its
usability, which was a distinct advantage.

Our analysis approach was fairly straightforward: we trained models on the full training
dataset, performing 5-fold cross-validation before evaluating each model on a held out
test set. We then reduced the dataset by randomly downsampling sequences to make
datasets that were 0.25, 0.025, and 0.005 fractional subsets of the original. Notably, the
0.005 sample setting reduced the Cuperus et al. dataset from 371,904 training
sequences to 1,860, which is comparable to the M. buryatense training data size of
1,755. Additionally, we experimented with several model architectures, including a CNN,
an LSTM, and a combined CNN+LSTM (Figure 5.5.A-C), as several papers published
after Cuperus et al. showed that LSTMs can improve upon CNN performance.142,166 In
all cases, we repeated these training experiments on shuffled versions of the training
sequences: shuffling a sequence preserves the overall GC balance, but it should
destroy any biological motif signal due to the random rearrangement of bases. These
models served as a null comparison to assess if models trained on sequences with true
measurements were any better than expected by random chance.

To start, we trained a model on the full Cuperus et al. dataset and ensured that we could
achieve the same predictive performance as in the publication. While we used a CNN
architecture that was fairly similar in structure to the one described as optimal in their
paper, it was actually quite a bit smaller: we used only 2 convolutional layers instead of
3, only 32 filters per convolutional layer instead of 128, filter kernels of width 8 instead of
13, and 10 fully connected nodes instead of 64. Despite its smaller size, this model
performed just as well as the one published on the same test set (R2 score = 0.62),
indicating that the precise model architecture did not play a hugely important role.

We observed the expected trend of decreasing model performance with decreasing
training data (Figure 5.5.D). The LSTM and CNN+LSTM models did not seem to
achieve notably higher performance than just the CNN architecture at the full dataset
size, though the LSTM performed nearly as well as the models trained on the full
dataset as it did when trained on the reduction to 0.25. The 0.025 reduction setting saw
all three architectures significantly drop in performance, with the LSTM being least
effective in this degree of data-limitation. Lastly, at a reduction of 0.005 of the original
dataset, models were barely better than those trained on randomly shuffled sequences,
indicating a near total loss of predictive power (Figure 5.5.E).
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Figure 5.5. Deep learning model performance on a systematically reduced MPRA dataset. A-C) Model
architectures tested in the MPRA reduction analysis. D) R2 score of the experimentally measured
versus model predicted values of test set sequences in the Cuperus et al. MPRA dataset. The x-axis
groups models by training dataset size: the full training dataset (1.0) included ~370,000 sequences
while the smallest fraction of the training set (0.005) included 1,860 sequences. Cross validation was
used to train 5 different splits of the training set before evaluating on a held out test set defined by
Cuperus et al. E) The same model architectures were trained on shuffled versions of the input
sequences as a negative control.

This analysis provides useful insights as a point of comparison to the M. buryatense
copper response prediction efforts described in Chapter 5.2. The Cuperus et al. MPRA
dataset has many advantages over the M. buryatense promoter region dataset: it is
about 250 times larger, has much more sequence diversity due to the randomness
inherent in constructing the MPRA library, and the expression enrichment signal is
bounded to 50bp sequences rather than 300bp. While eukaryotic organisms may have
increased complexity, by most metrics, the Cuperus et al. dataset should contain a
much clearer signal to noise ratio than the M. buryatense promoter region dataset. And
yet, when the Cuperus dataset is reduced to the same size, it is nearly indistinguishable
from random. This was our first major indicator that the size of our M. buryatense
dataset was likely insufficient for a deep learning model to learn the complexity of its
copper response.

According to the analysis in Cuperus et al., a large driver of the expression enrichment
signal had to do with the presence or absence of small open reading frames that
happened to appear in the random 5’UTR library: these open reading frames were likely
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inhibiting translation by confusing the ribosome about the true start codon. This
biological mechanism is not likely a driving factor in the M. buryatense copper response
and more likely due to an activating or repressing binding event. This prompted our next
investigation: exploring dataset size limitations in the context of predicting a simulated
binding event from random sequences with synthetic motifs.

A jupyter notebook tutorial walking through this MPRA reduction analysis is available on
Github:
https://github.com/erinhwilson/mbur-sequence-learning/blob/main/cuperus_random_utr_
prediction.ipynb

5.4. Evaluating models on a suite of synthetic prediction tasks
across varying data-limited regimes

5.4.1. Defining a simple synthetic motif prediction task
We started by creating a synthetic example that simulated a common gene regulation
scenario: a pair of motifs that activate or repress gene expression. We used a simple
scoring function that created a small distribution of scores centered at 0, and gave
sequences a +10 score bump if it contained motif-1 (activating motif) and a -10 drop if it
contained motif-2 (repressing motif) (Figure 5.6.A).

To start simply, we used all the sequences in the M. buryatense promoter dataset
(~2,000), sliced out the first 6 base pairs of each sequence, and scored this 6bp
sequence by the synthetic function using “TAT” as the activating motif and “GCG” as the
repressing motif. Any sequence with a total score of < -5 was assigned to Class 0,
scores > 5 were assigned to Class 2, and everything else (without a motif) was
assigned Class 1. Because this was such a simple task, we trained a CNN classifier
with only a single convolutional layer, one fully-connected dense layer, and 32 3bp
kernels to predict the class of each 6bp sequence.

Unsurprisingly, finding a 3-mer within a 6bp sequence was an extremely simple pattern
for a CNN to learn: performance on the train and test set achieved perfect accuracy,
and still achieved a 0.86 F1-score using a model with only 3 convolutional kernels
instead of 32 (Figure 5.6.C, row i, iii). Conversely, when sequences were shuffled after
they had been scored in order to disrupt the 3-mer patterns that had the biggest
influence on the score, classification performance dropped dramatically (Figure 5.6.C,
row ii). While the resulting high performance was expected due to the extreme simplicity
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of this task, it provided reassurance that the modeling framework was not
mis-configured.

Figure 5.6. CNN performance on synthetic motif classification tasks. A) Sequence scoring system:
A,C,G, and T are assigned arbitrarily point values, which are averaged across the whole sequence to
create a score distribution centered at 0. Two k-mers are arbitrarily chosen and assigned as the
activating or repressing motif, which gives a sequence a +10 or -10 score bump. Sequences were then
assigned class 0 if the score is less than -5, class 2 if the score is greeted than 5, and class 1 if the
score is between -5 and 5. B) Combination of training parameters used in initial exploration of synthetic
classification task for 3-mer and 6-mer motifs. C) Classification results for synthetic 3-mer motifs in 6bp
sequences using a very simple CNN with 1 convolutional layer and either 32 or 3 filters. Motif-1: “TAT”;
Motif-2: “GCG”. D) Classification results for synthetic 6-mer motifs in 300bp sequences using a few
CNN architectures and input sequence datasets. Motif-1: “TATATA”; Motif-2: “GCGCGC”. E-G)
Summary of classification performance of 3 CNN architectures on randomly generated sequence
datasets of varying size and sequence lengths (E: 50bp sequences, F: 150bp sequences, G: 300bp
sequences). Legend: “CNN_simple”: 1 convolutional layer, 1 dense layer; “2CNN”: 2 convolutional
layers, 2 dense layers, no pooling; “2CNN_pool”: 2 convolutional layers, 2 dense layers, maxpool 3.
Base architecture: filters=8, kernel size=6, dense nodes=10.

A tutorial demonstrating the results of this simple exploration is available here:
https://github.com/erinhwilson/mbur-sequence-learning/blob/main/synthetic_DNAclassifi
cation_task1_simple.ipynb
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5.4.2. Defining a more realistic synthetic motif prediction task
To more closely simulate the previous copper classification task with the M. buryatense
data, we increased the complexity of the prediction task. As before, we started with the
~2,000 300bp upstream promoter regions from M. buryatense, but instead of scoring
them by the log ratio of the measured TPM values in high versus no copper, we used
the same synthetic scoring function as described in Section 5.4.1. The main change
was to use 6-mer motifs instead of 3-mers, as biological binding sites are generally at
least 6bp long,167 and 300bp is a more realistically-sized sequence window to be
searching through than 6bp as it is on the order of prokaryotic intergenic regions and
read lengths from a sequencing run.168 In this case, the activating motif was defined to
be “TATATA” and the repressing motif was “GCGCGC.” To clarify, these motifs are not
specific biologically relevant sequences - they were chosen arbitrarily. These motifs are
being used as a demonstration of a signaling mechanism where we as the researchers
know the ground truth (because we defined it) and are not guessing if the models are
finding the “true” (score-influencing) signal or not.

The complexity for this new task has increased because the relative “signal density”
within the search window has decreased from 0.5 (3bp/6bp) to 0.02 (6bp/300bp). We
updated the basic model architecture to use 8 convolutional kernels of width 6, followed
by one fully connected dense layer with 10 nodes (Figure 5.6.B). The rationale for this
architecture is as follows: an overarching goal throughout these analyses was to keep
models as simple as possible until it became necessary to increase the complexity. If we
could find a boundary of the minimum compute resources necessary to accomplish a
task of a given complexity, it would aid in recommending model architectures for other
tasks given the amount of data and anticipated complexity of the signal being modeled.

With this basic model architecture, initial classification attempts failed in a similar
fashion to the “copper log ratio expression value” models: the models exclusively
predicted the majority class and did not learn any sequence patterns (Figure 5.6.D, row
i). Class-balanced sampling did not recover performance nor did switching the dataset
from the ~2,000 M. buryatense promoters to 10,000 randomly generated 300bp
sequences: in these cases, the models were able to overfit to the training set, but did
not generalize to the test set and were no better than when models were trained on
shuffled sequences (Figure 5.6.D, rows ii-iv).

However, when we increased the complexity of the model by using two convolutional
layers with a max pooling layer in between followed by two fully connected dense
layers, the classification on the 10,000 randomly generated sequences was extremely
successful, averaging 0.97 F1-score on the test set (Figure 5.6.D, row v). Interestingly,
using this 2-convolutional layer model architecture with the smaller M. buryatense
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promoter dataset did not work as well, achieving an F1-score of only 0.4 (Figure 5.6.D,
row vi). This suggested to us that a combination of the larger dataset size and the more
complex model factored into the performance improvements when the motif signal
density was so much lower than 0.5.

To more extensively explore the relationship between model complexity, data set size,
and signal density, we ran 5-fold cross validation for three different levels of each of
these three factors:

● Model complexity:
○ Simple CNN: 1 convolutional layer, 1 dense layer
○ 2CNN: 2 convolutional layers, 2 dense layers, no pooling
○ 2CNN pool: 2 convolutional layers, 2 dense layers, max pooling

● Dataset size:
○ 2,000 random sequences
○ 6,000 random sequences
○ 10,000 random sequences

● Signal density:
○ 300bp sequence window
○ 150bp sequence window
○ 50bp sequence window

We found that for 300bp sequence windows, only the “2CNN pool” model worked in the
largest 10,000 sequence dataset, though it had mediocre performance in the 6,000
sequence dataset (Figure 5.6.G). None of the models showed good performance for
datasets containing only 2,000 sequences, which tracked with our observations of poor
model performance with the equivalently small M. buryatense promoter dataset.

Interestingly at 150bp and 50bp where the signal density was higher, both the “2CNN
pool” and the “2CNN” models had increased performance, though not quite as high as
performance of “2CNN pool” models trained on 300bp sequences (Figure 5.6.E-F). The
“Simple CNN” did not perform well in any dataset combination, though it was slightly
elevated for the dataset with 10,000 examples of 50bp sequences. None of the model
architectures tested could perform well with only 2,000 examples in the dataset at any
sequence window size.

5.4.3. The influence of sequence length, motif prevalence, and data set
size on model performance
The observation that the more complex model performed well in the 50bp and 150bp
sequence regimes but not quite as well as the model in the 300bp regime might be
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considered surprising: it would be reasonable to assume that shorter sequence
windows should make the signals easier to find and therefore boost model performance
to as good or greater than performance for 300bp sequences. However, this analysis
did not control for the overall class balance across datasets: the chance is much smaller
that a specific 6-mer motif sequence appears within a random 50bp sequence versus a
random 300bp sequence. Therefore, the prevalence of “positive motif sequences” was
much lower in the 50bp sequence regime, leaving a far lower total number of examples
in the minority classes for the shorter sequence window datasets and creating more
severe class imbalance.

To correct for this, we pursued an additional analysis where we controlled for the motif
prevalence in each dataset. During random sequence generation, we ensured that the
balance of motif-containing sequences included in the dataset were maintained at a
specific percentage, which was now kept consistent across sequence lengths:

● Motif prevalence:
○ Minority classes each at 5% of dataset
○ Minority classes each at 1% of dataset

For this next analysis, we moved forward with only the “2CNN pool” model as it had
shown the largest degree of performance variation, but we continued to vary the other
three variables: dataset size, signal density (sequence length), and motif prevalence.
Since the “2CNN pool” model performed nearly as well in largest 150bp dataset as the
largest 300bp dataset, we investigated a narrower but more granular set of sequence
window lengths: a ladder between 20bp and 150bp (signal density 0.3 to 0.04), taking
10bp steps within this interval.

Models trained on these synthetic datasets showed performance trends consistent with
the hypothesis that if the motif prevalence and total training examples are kept equal,
models perform better when the signal density is higher (shorter sequence windows)
(Figure 5.7). This trend is demonstrated most clearly in Figure 5.7, panels A, D, E, and
F. In panels B and C, both the motif prevalence and data set size appear to be
sufficiently high for models to perform well at any signal density between 20bp and
150bp.

Intriguingly, there is high similarity between the trends in Figure 5.7.A and 5.7.F where
the total number of motif-containing example sequences is the same: 5% of 2,000
sequences and 1% of 10,000 sequences both equal 100. This prompted us to consider
if there exists a relationship between the “information richness” of the dataset and
model performance that remains consistent across synthetic datasets. To calculate the
information richness in each dataset, we multiplied the motif signal density (motif length
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divided by sequence length), the motif prevalence (fraction of training data containing
the motif), and the dataset size (Figure 5.8.A).

Figure 5.7. CNN performance on synthetic motif classification task with class imbalance controlled.
Macro-F1 score was recorded for 5-folds of the training data for datasets of size 2,000, 6,000, and
10,000, using sequence lengths between 20bp and 150bp. A-C) The prevalence of motif-containing
sequences for the minority classes is controlled at 5%. D-F) The prevalence of motif-containing
sequences for the minority classes is controlled at 1%.

Plotting the information density for each dataset against the average model
performance on that dataset yields a somewhat sigmoidal relationship (Figure 5.8.B). In
particular, datasets with information density lower than ~6 seem to never perform much
better than 0.6 F1-score in the classification task, regardless of the total dataset size.
On the contrary, datasets with information density higher than 30 almost always perform
better than 0.9 F1-score. As noted earlier in Figure 5.7.A,F, datasets of 2,000
sequences with 5% motif prevalence and datasets of 10,000 sequences with 1% motif
prevalence contain the same total number of motif-containing example sequences. We
saw these model performances within the range of sequence lengths explored track
each other quite closely (Figure 5.8.C).

We do not expect the specific parameters defined by this curve to be a formal “law” - it
is likely that the observed shape is additionally influenced by other factors, such as the
precise model architecture, the motif signal lengths, and the complexity of the activation
and/or repression mechanism. Further investigations are warranted to gain a more
complete picture of this relationship. However, what is clear from this analysis is that for
a task as biologically simple as one activating motif and one repressing motif, searching
through 300bp sequences for ~6bp signals with only 2,000 examples is very difficult
using a common CNN architecture that has been successful on other gene expression
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prediction tasks, such as in DeepSea, Basset, and with MPRA data. Therefore, tasks
that are more complex than a simple pair of activating and repressing motifs - which is
most likely the case for true microbial genetic grammars - would be nearly impossible to
predict in such a data-limited regime.

Figure 5.8. Model performance on datasets of varying information richness. A) Equation to calculate
data information richness: “motif_len” = size of the signal motif (for synthetic classification task,
motif_len=6 (motif-1: TATATA; motif-2: GCGCGC)); L: length of the inputs sequences, between 20bp
and 150bp; P: prevalence of motif-containing example sequences in the dataset, either 5% or 1%; N:
dataset size, either 2,000, 6,000, or 10,000. B) Relationship between dataset information richness and
model classification performance (class-balance F1 score). Performance was averaged across 5-folds
of the training data when evaluated on the held out test set. C) Subset of datasets where N = 2,000 and
P = 0.05 versus datasets where N=10,000 and P=0.01. All 5 folds are plotted independently, instead of
averaged, as in B).
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5.4.4. Estimating the information richness within the M. buryatense
promoter dataset for predicting gene expression response to copper
To tie this relationship back to our original copper prediction task for M. buryatense, we
more precisely describe the promoter dataset with respect to these information richness
levers. As stated, due to the limits of this organism’s genome size and estimated operon
membership, it contains only ~2,000 promoter region sequence examples. With
transcription start site annotations available in other organisms such as E. coli, other
CNN-based predictions efforts are able to use smaller sequence windows closer to
80-100bp. However, without such annotations available in M. buryatense, we use 300bp
windows to ensure we do not fully miss the core promoter region, as the distance
between the transcription and translation start sites can be variable within organisms.169

If the transcriptional activation or repression observed within M. buryatense in response
to copper is induced by a binding event, we can estimate a typical signal length
between 6-12bp. Based on an upper and lower threshold cut off of 0.6 for the log ratio
copper expression values (Figure 5.2.D), we assigned 145 sequences to the
down-regulated class and 58 example sequences to the up-regulated class out of 2159
total, yielding an average motif prevalence of 0.046 between these two groups.

Plugging these values into the information richness equation in Figure 5.8.A, we can
estimate that the information density with respect to copper response in the M.
buryatense dataset is between 1.98 and 3.97 (Figure 5.8.B, shaded area). In the
over-simplified synthetic task outlined above, datasets in similar regimes of information
density typically achieved model performances between 0.3 - 0.4, which is similar
performance to when models exclusively predict the majority class and ignore the
minorities (macro-F1 score = 0.33 for three classes).

This suite of analyses help explain why the modeling efforts described in 5.2 were so
unproductive. While there exist other possible factors that may be contributing to poor
prediction performance – perhaps the copper binding signal is not located within the
typical boundaries of prokaryotic promoter regions or perhaps this response is not
actually regulated by a binding event – if there is a signal to find, is it not likely for
standard CNN models to capture it with the M. buryatense dataset on its own given its
limited information richness. We therefore conclude that incorporating additional data
would be necessary to proceed with the prediction task, though it remains to be
determined what additional data, if any, would be enough to improve predictive power.

A tutorial demonstrating the results of these synthetic motif explorations are available
here:
https://github.com/erinhwilson/mbur-sequence-learning/blob/main/synthetic_DNAclassifi
cation_task2_harder.ipynb
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5.5. Preliminary transfer learning results for M. buryatense copper
prediction tasks
When the amount of training data for a particular task is too sparse to effectively train
from scratch, one route for mitigating the large data requirements of deep neural
networks is to use transfer learning: a process in which a model is trained for a
different-but-related task with large amounts of data, and later fine-tuned on a specific
task with less data available.170 In these cases, the model for the secondary task is
initialized using the weights learned during training for the first task, transferring
knowledge by transferring learned features to help “warm start” training on the desired
task. This approach has been shown to improve model performance in various
biological contexts to predict gene expression behaviors across species,171 cell types,172

and transcription factors.173

To investigate if transfer learning could improve model performance for classifying
genes into copper response groups by their promoter regions, we attempted three
transfer learning scenarios. Each task used the same base model architecture:

● Convolutional layer with 32 filters, kernel size = 10, followed by ReLU
● Max pooling layer, pool size = 2, followed by Dropout of 0.25
● Convolutional layer with 32 filter, kernel size = 6, followed by ReLU
● Dropout of 0.2, followed by Flatten
● 2 Linear layers with 50 nodes each, followed by ReLU

The transfer tasks each had a final prediction layer with the number of nodes required
by the specific task. After training on the transfer task, this final layer was replaced with
a 3-class classification layer so that it could be fine-tuned for the M. buryatense copper
prediction task after initializing the model with the learned weights from the transfer
task.

To start, we collected performance data on “cold started” models which trained
exclusively on the M. buryatense log-ratio copper expression values without any
pre-training. We used 5-fold cross validation to assess a distribution of performances
across different train/test splits of the ~2,000 genes and compared to models run on
shuffled versions of the promoter regions. Shuffled sequences should preserve the
overall GC balance in the dataset but destroy any biological motif signal, so this
comparison served as a null model baseline from which to assess any performance
improvements.
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We observed that cold-started models (trained for copper response classification only)
trained on wildtype sequences had slightly higher performance (class-balanced
F1-score) than models trained on shuffled DNA (Figure 5.9.A). However the difference
is not significant and models are primarily predicting the majority class (Figure 5.9.A,
representative confusion matrix).

For our first transfer learning attempt, we started with a task based entirely on
sequences from the M. buryatense genome: we used 300bp upstream regions from all
genes as well as 300bp regions extracted from within coding sequences (genes that
were longer than 300bp were split into multiple chunks for as many full 300bp intervals
that could fit within the length of the open reading frame). This led to a slight class
imbalance: upstream region examples were the minority class at about 25% of the
dataset, though this is a much less extreme imbalance than ~5% (as was the case for
minority classes in the copper response classification task). Models were trained to
predict if sequences belonged to the upstream region set or the coding sequence set.
The goal was to prime the model to learn features to differentiate the general grammar
of promoters from that of protein coding regions, which could then be fine-tuned to learn
features more specific to the copper response prediction task. We observed that this
model architecture was well-suited for the transfer task, achieving an average of 0.92
F1-score on the test set measured during 5 fold cross validation (Figure 5.9.B). This
was significantly better than the average 0.62 F1-score from training the same models
on shuffled versions of the upstream regions and CDS sequences. While shuffled
models were still mostly able to classify CDS sequences correctly, they had a much
harder time with upstream sequences, more often incorrectly predicting them to be
CDSs (Figure 5.9.B, representative confusion matrix).

73



Figure 5.9. Model performance on transfer learning tasks. All models tested used the same
architecture described in section 5.5, with the exception of the final prediction layer, which varied by
task. A-C) Classification performance for models trained on wildtype sequences (blue) and shuffled
sequences (orange), and evaluated on 5-folds of the dataset. A representative confusion matrix from
the first fold is provided below. A) Task: M. buryatense copper response prediction. Class 0:
down-regulated in High Copper; Class 1: no change in response to copper; Class 2: upregulated in
response to copper. B) Task: M. buryatense coding sequence versus upstream sequence prediction.
Class 0: coding sequence (CDS); Class 1: upstream region (promoter). C) Task: promoter region
species origin prediction. Class 0: M. buryatense; Class 1: E. coli; Class 2: B. subtilis; Class 3: T.
maritima; Class 4: C. autoethanogenum. D-F) Regression performance for a model trained on 1
millions random sequences and measured for promoter strength in S. cerevisiae in Vaishnav et al.
2022. Points are colored by the density of nearby points to mitigate overplotting. D) Model trained on
sequences in the train split and evaluated on a held out test split. E) Model trained on sequences in the
train split and evaluated on a “high quality” test set of sequences measured in a separate MPRA
experiment with less measurement noise. F) Model trained on shuffled sequences in the train split and
evaluated on a held out test split.

For our second transfer learning task, we created a dataset that included upstream
regions from five different prokaryotes: M. buryatense, E. coli, B. subtilis, T. maritima,
and Clostridium autoethanogenum. Most of these organisms had been investigated for
constitutive promoter signals as a part of a tutorial developed for the computational
framework described in Chapter 3 and showed a range of information variability in their
predicted promoters. As these organisms span several distinct branches of the
prokaryotic evolutionary tree and were readily available with genome annotations, we
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proceed with this initial set in our transfer learning analysis. For the transfer task
scenario, we similarly extracted 300bp windows upstream of the translation start site of
each gene in each organism and trained models to classify the organism from which
each promoter region originated. We hypothesized that this could help a model learn to
identify genetic grammar patterns that evolved differently across these organisms while
maintaining the specific context of upstream promoter regions, and later specialize on
the M. buryatense copper response. We similarly found that the model architecture
used performed quite well in this 5-class classification task, achieving 0.86 F1-score on
the test set relative to the 0.51 for models trained on shuffled versions of the sequence
(Figure 5.9.C). Notably in the shuffled models, classification for C. autoethanogenum
was still quite successful, likely due to its extremely AT-rich genome (GC content = ~0.3)
relative to the other species (Figure 5.9.C, representative confusion matrix). Both E. coli
and M. buryatense have much more balanced GC content (close to ~0.5) and
unsurprisingly, were most often confused with each other when the sequences were
shuffled.

The third transfer learning scenario we tried was to train a model to predict expression
strength from a yeast-based MPRA experiment by Vaishnav et al. with millions of
training data sequences.77 While S. cerevisiae and M. buryatense are more distant
relatives (eukaryotic vs prokaryotic), some degree of gene expression grammar is
preserved across the evolutionary tree. Especially since the MPRA training sequences
are not native S. cerevisiae sequences but random sequences ordered from gene
synthesis vendors, we suspected that features learned to predict promoter expression
might still be transferable and potentially helpful during fine-tuning on the copper
response task. We found that even when only training on 1 million MPRA sequences
(rather than all 20 million), the model architecture was able to perform quite well. Figure
5.9.D shows the regression performance (pearson correlation of 0.81), depicting the
predicted vs actual MPRA scores on a random test split from the training data. Figure
5.9.E shows the model predictions on a separate “high quality” test set, which Vaishnav
et al. collected in a separate experiment from the training data. While it was a much
smaller dataset (n = 5,298), it was a lower complexity library to reduce experimental
measurement error and so predicting on this test set after training on noisier data would
still be informative. On this higher quality test set, we saw better performance than on
the held-out test split from training data (Pearson = 0.89). While this was lower than the
correlation reported in their study (Pearson = 0.97), they used a much larger model and
the full 20-million sequence training dataset. Since our goal is ultimately to fine tune a
model to another task, we didn’t pursue further optimization to the transfer task as 0.89
is already quite good, especially relative to training the same model on randomized
MPRA data, which was limited to a Pearson correlation of 0.56 (Figure 5.9.F).
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After observing that the model architecture we defined could achieve successful
prediction results on three very different training tasks, we concluded that there was not
a fundamental problem with the architecture itself. It clearly is able to learn some degree
of sequence signal that is different from random noise in shuffled versions of the same
sequences, and thus it is able to pick up on some biological patterns relevant in each of
the transfer prediction tasks. We therefore proceeded with the transfer learning
experiments, initializing new models with the learned weights from each transfer task
and warm-starting the training for the copper response prediction. We attempted
transfer learning for the 3-class copper response classification task as well as a
regression task simply aimed at predicting the log-TPM values in the High Copper
condition. We evaluated model performance with class-balanced F1 score and Pearson
correlation, respectively, using 5-fold cross validation across M. buryatense upstream
promoter regions.

After evaluating each of the warm-started models, we unfortunately did not see any
improvements in model performance. The average score across 5 folds for each
transfer learning attempt remained about the same as the cold-started model for the
copper response classification task (F1-score = 0.34), which again was quite close to
the average performance on shuffled sequences (Figure 5.10.A). Similarly, the average
Pearson correlation scores remained the same, if slightly worse than the cold-started
models (Pearson = 0.26), though these models showed a mild improvement over
models trained on shuffled sequences (Pearson = 0.19) (Figure 5.10.B)

Figure 5.10. Model performance on M. buryatense copper response prediction after transfer learning.
All models tested used the same architecture described in section 5.5, were initialized with weights
from one of the successful models pre-trained on one of the tasks described in Figure 5.9, and
evaluated on a held out test set over 5-folds of the M. buryatense promoter dataset. A) Performance
results for the copper response classification task, measured by class-balanced F1 score for predicting
Class 0: down regulated in High Copper, Class 1: no change in High Copper, Class 2: up-regulated in
High Copper. B) Performance results for the regression task predicting log2 TPM values in the High
Copper condition, measured by Pearson correlation between predicted versus measured values.

76



5.6. Recommendations for future deep learning analyses in
non-model organisms
Unfortunately none of the transfer learning initiatives improved the learning outcomes
for predicting M. buryatense copper response from its promoter regions. However, it
was interesting to observe that the same model architecture was sufficient for achieving
high performance on each of the three transfer learning tasks themselves. It is possible
that none of these transfer tasks were sufficiently close to the desired task and as a
result, the features learned were not relevant or tunable for the desired task. There are
many other potential transfer tasks to consider and future work could certainly extend
this pilot exploration.

Beyond alternative transfer learning tasks, another route to consider would be
self-supervised pre-training using techniques developed for masked language modeling.
In this scenario, models could be initially trained to predict “blanked out” tokens from M.
buryatense genomic sequences, which has been shown to help models develop a more
general understanding of language structure or in this case, “genomic sequence
structure.” Transformers in particular have revolutionized approaches to many natural
language processing tasks and are actively being explored in genomic contexts as
well.134,174–176 Using the whole unlabeled genome in a self-supervised manner could
unlock genetic grammar relationships that are difficult to learn from transcriptome
expression measurements alone.

It is worth noting that transformers and masked language models are very
computationally expensive and would thus scale the complexity and resource
requirements quite dramatically. Furthermore, using computational resources with an
outsized impact on greenhouse gas emissions could be detrimental to our original goal
towards sustainable resource usage. Evaluating the carbon costs of any proposed
transformer models with tools such as codecarbon.io would be informative for
determining if incurring such an environmental cost would outweigh the benefits of
better understanding the genetic grammar of any given microorganism. However, as
deep learning continues to evolve at extremely rapid rates, so too will its efficiency and
its accessibility, and thus it may soon become relatively easy to apply such methods in
more data-limited regimes and at lower computational energy requirements.

Finally, it is possible that there is simply not enough signal present in the M. buryatense
gene expression data for even transfer learning to overcome. Perhaps it is too noisy?
Maybe some of the biological assumptions turn out to be false? For example, what if the
regulatory mechanism for this particular transcriptional response is not due to a DNA
binding-related signal cascade? In these cases, extending efforts with pre-training and
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transfer learning will likely continue to be fruitless. If in the future resources become
available to invest in adapting MPRA protocols to function in M. buryatense, I think that
a massively high throughput exploration into this organism’s expression grammar could
be an exciting avenue to pursue. However, this approach would give up the goal of
generalizability to other non-model organisms as such an experimental investment
would have to be independently optimized for each additional organism of interest.

Overall, we suggest future researchers interested in using deep learning to model gene
expression outcomes in non-model organisms attempt to estimate the information
richness contained in their dataset and start their analysis with simplified synthetic tasks
– such as a pair of activating and repressing motifs. If these “much easier” tasks are not
achievable with the model architecture they are building at the same data scale as the
dataset they have collected, then further development of their training data is required
before the advantages of deep learning models can likely be useful. We hope future
researchers who are exploring deep learning avenues for genomic prediction tasks
consider these insights regarding data limitation and information richness, and are able
to generate new information more efficiently and effectively.
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Chapter 6. Summary of contributions and
conclusions

6.1. Computational tools to accelerate genetic development of
non-model microbial hosts
The work in this dissertation explores several computational approaches for
understanding the genetic grammar in non-model microbes using RNA-seq data. We
focused on the methanotroph M. buryatense as an example organism and used a
diverse dataset that captured its transcriptional responses under various growth
conditions (Chapter 2). While the dataset is unique in the specific combination of
conditions it covers, RNA-seq is a relatively accessible experimental measurement and
these types of varied datasets are likely common among labs aiming to characterize
expression in non-standard microbes. By leveraging such collections of data to
generate novel insights by analyzing gene expression patterns from multiple angles
simultaneously, computational tools can accelerate tool genetic development for
promising microbes with potential to serve as metabolic engineering hosts.

The first computational approach aimed to discover constitutive strong promoters by
identifying genes that were in the top expressed set across all experimental conditions
(Chapter 3). We derived a constitutive, strong promoter consensus for M. buryatense,
computationally validated that it was strongly associated with promoter regions, tested a
set of predicted promoters in a XylE reporter assay, and validated the sequence source
of the promoter signal by scrambling various parts of the predicted sequences and
re-testing their activities. This effort resulted in a suite of short (27-30bp) promoter tools
that can be used to drive expression in M. buryatense and an open-source framework
that can be readily applied to other organisms to identify strong promoters.

Our next approach moved from analyzing strong, constitutive promoters to investigating
regulated expression patterns in M. buryatense. Specifically, we used an unsupervised
machine learning method (ICA) to identify groups of genes that were independently
modulated (iModulons) across the range of growth conditions in the RNA-seq data
(Chapter 4). Several discovered iModulons recapitulate known regulons in M.
buryatense, such as copper and lanthanum repressible groups, but this analysis also
opened new hypotheses about putative functions for other uncharacterized response
groups. This work added useful structure to the relatively under-characterized gene
regulatory network of this organism and inspired future experiments to improve our
understanding of its genetic grammar.
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Our last approach aimed to use deep learning methods to decipher the regulatory
elements underlying the highly regulated transcriptional responses observed in M.
buryatense (Chapter 5). We were enthusiastic about the potential for these methods to
automatically learn sequence features with strong influence on expression outcomes,
which could be further developed into inducible promoter tools. While convolutional and
recurrent neural networks had been quite successful in other genomic contexts for
model organisms with large training datasets, it appears that such models are less
well-suited to predicting gene expression outcomes from the relatively small genome of
M. buryatense. After many efforts to troubleshoot class imbalance and potentially
suboptimal model architectures, we conducted a meta-analysis of model performance
across various data-limited regimes. MPRA datasets reduced to a similar size as the M.
buryatense dataset performed no better than models trained on shuffled sequences,
while synthetic datasets of similar size that simulated motif binding events lacked the
information richness that would be required to identify even relatively simple genetic
signals; both results suggested that the size of the M. buryatense dataset was likely a
major limiting factor in model performance. We thus recommend that additional
information - either in the form of more training examples or via pre-training strategies to
transfer knowledge from other related tasks - is needed before the value of deep
learning models can be realized for predicting expression from promoter regions in
relatively small microbes.

Overall, these efforts resulted in a suite of gene expression tools, computational
workflows, and insights into the applicability of deep learning methods for analyzing
non-model microbial datasets more generally. The genetic tools and iModulon structure
for M. buryatense will aid in its development as a metabolic engineering host for
mitigating methane emissions. This is exciting in light of recent analysis showing that M.
buryatense has an especially strong ability to grow at low methane concentrations
typically observed in air surrounding major methane emissions sites and is a prime
candidate for deploying in future methane direct air capture efforts. The characterization
of deep learning models in data-limited genomic contexts can serve as a reference for
others aiming to incorporate such tools into their analyses. Ideally such insights can
guide future research towards pursuing more fruitful routes with their time and
resources.

All together, the work throughout this dissertation supports the expanding role of
computation in metabolic engineering efforts, aiming to improve the efficiency of
microbial biomolecule production platforms and ultimately our ability to source materials
more sustainably.
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6.2. Communicating science with technical and non-technical
audiences
The research described in this dissertation was communicated in a variety of outlets for
a range of technical audiences. Science communication is relevant to all fields and can
be effective at many levels of specificity and so I will take a final moment to describe
efforts to make this work more broadly accessible.

I suspect the bulk of science communication occurs between experts in the same field,
often in the same lab, as they collaborate to plan analyses and experiments on a day to
day basis. Most of the same technical language is shared and thus communication of
ideas can be relatively quick and smooth. Translating key insights, challenges, or ideas
to experts of adjacent fields can be more cumbersome - crucial terminology is not
always shared between scientific “languages,” and standard approaches in one domain
are not always transferable to other contexts. Deciphering unfamiliar jargon and
methods takes extra time and can be a significant drain on energy, leading to
abbreviated understanding of complex topics. Especially for interdisciplinary work that
requires coordination between many types of experts, ineffective communication can
reduce our ability to share knowledge and make novel connections, which can hinder
scientific progress more generally.

Even more challenging is communicating important findings to members of the general
public, where individuals can come from such disparate technical and lived experiences
that there may be little shared framework from which to draw parallels and
understanding. What is not understood is difficult to trust, and without trust in a solution
or course of action, how can a broader community, scientific or other, be expected to
support or pursue it? Often the phrase “dumbing it down” is used to describe efforts to
make scientific ideas more accessible to people with differing backgrounds; however, I
think such rhetoric is a disservice, unnecessarily implying differences in intellectual
ability that further isolates individuals rather than bridging understanding between them.

I do not have expertise in social psychology or policy development, but I strongly
believe in the effectiveness of empathy in science communication. We should never
“dumb things down,” but rather strive to clarify our work, our ideas, at varying degrees of
specificity such that a given audience is readily able to engage. While the technical
familiarity of diverse listeners is not always known or easy to assume, empathy and
openness can go a long way to meet audiences where they are and more effectively
bring them into the conversation.

Accordingly, I have strived to make the work throughout this dissertation to be intelligible
to audiences with varying levels of technical backgrounds. The computational
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framework in Chapter 3 was published in ACS Synthetic Biology110 and the deep
learning methods explored in Chapter 5 were proposed in the ICML workshop for
Tackling Climate Change with Machine Learning.177 However, beyond academic journals
and venues, I have produced a diverse set of scientific communications for other
audiences, primarily taking the form of interactive data visualizations, technical tutorials,
and more general educational materials.

6.2.1. Deploying interactive data visualizations
The ability of the human visual perception system to identify coherent patterns in
images rather than tables or matrices makes data visualization an invaluable asset in
science communication. From summarizing broad trends to highlighting distinct
anomalies, well-designed visualizations can be highly effective for transmitting insights
from data. The additional ability to dynamically interrogate and filter the data is
immensely helpful during initial data exploration phases of research as well as for
solidifying understanding by displaying immediate responses to user-directed
interactions and queries. Even an interaction as simple as a tooltip identifying a
datapoint (i.e., a gene, experimental setting, motif sequence) in a scatterplot can
enhance one’s ability to infer relationships and often prompts additional visual designs
or analyses. Furthermore, shareable interactive visualizations in the hands of other
researchers with differing expertises can lead to the discovery of patterns that were not
obvious or meaningful to the designer in isolation.

Each chapter in this dissertation heavily featured interactive data visualizations
throughout its development, but I will highlight a few that were especially impactful for
my workflows. In Chapter 2, interactive versions of PCA plots enabled inspection of
specific genes or specific experimental samples across various principal components.
Investigating the relative arrangement of points helped identify biological trends present,
such as a dimension primarily driven by growth stress, or a dimension that primarily split
experiments by growth in vials versus growth in bioreactors. Gaining this intimate
familiarity with major drivers of the data was facilitated by simple mouse-over hovering,
clickable legends to highlight subsets of points, and inter-plot brush filtering interactions.

In Chapter 3, one of the most useful interactive visualizations developed was a
responsive parallel coordinate plot depicting expression profiles for related groups of
genes across all 17 experimental conditions. Mouseover interactions emphasized
nearby genes, a clickable legend enabled persistent selection of genes of interest, and
a brush filter over regions of genome coordinates could additionally highlight expression
profiles of co-located genes. An undergraduate researcher I mentored extended this
initial concept into a full web application, incorporating gene clusters based on
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transcriptomic data and GO term enrichment analysis. This tool will enable further
interactive exploration of M. buryatense gene groups through cluster-based parallel
coordinate plots and dynamically filterable tables. Other visualizations from Chapter 3
focused on exploring a tradeoff in top gene set size versus minimum TPM expression
as well as upstream distances of known operons in M. buryatense, both of which
resulted in key parameter setting decisions in our promoter identification workflow.

In Chapter 4, iModulon characterization was heavily facilitated by interactive
dashboards. While we developed a few interactive charts during initial iModulon
curation, the published iModulonDB implementation in javascript and highcharts
provided a very sophisticated interface for exploring iModulon members, weights, and
activities. The various iModulon pages were easily navigable through clicking data
elements of scatter plots, barcharts, and tables, which would transport a user to a more
detailed view of the clicked element. We further adapted this interface to add
information such as GO terms and gene products, and organized conditions more
intuitively by growth rate. Hosting these dashboards on a local server additionally
provided access for other lab members to explore and pursue custom lines of inquiry
that ultimately resulted in experimental proposals.

In Chapter 5, interactive data visualizations were valuable for many aspects of deep
learning model troubleshooting, though these charts were not heavily featured in this
final write up. Interactive parity plots allowed us to inspect which training examples the
models were predicting well versus predicting poorly, prompting an analysis into
sequence similarity within our promoter dataset alongside other overfitting mitigation
strategies. Visualizations that displayed the results of hyper parameter searches for
optimal model architectures helped us see the overriding similarity in performance
across diverse model structures, suggesting that architecture was not likely our main
limitation and thus continuing to vary parameters would be a less useful route to pursue.
When evaluating multi-class and multi-label classification performances, interactive
dashboards showing precision, recall, and F1-scores across various train/test splits and
across dozens of prediction tasks prompted specific follow up analyses into class labels
with seemingly better performance.

While the work in Chapter 3 was published alongside a project page with an interactive
visualization gallery (https://erinhwilson.github.io/promoter-id-from-rnaseq), a selection
of interactive visualizations created throughout this dissertation have been compiled and
are accessible at https://erinhwilson.github.io/interactive-thesis.
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6.2.2. Technical tutorials for learners in adjacent fields
While most of the interactive visualizations I created were intended for myself or other
scientists in my field to gain a deeper understanding of the data presented, I additionally
developed several tutorials to enhance the understanding and usability of this work.

The promoter identification framework described in Chapter 3 was published with a
suite of interactive tutorials demonstrating key analyses throughout the computational
workflow. These include explorations of the expression data and intra-operon gene
distances, inspection of Bioprospector output files that were parsed to form a consensus
motif, computational validation of the consensus motif, and a demonstration of
analyzing the framework outputs for other organisms and comparing the results.
Similarly, when investigating model performance for gene expression prediction from
promoter sequences across data-limited regimes in Chapter 5, I compiled streamlined
notebooks outlining analysis steps for both the MPRA reduction experiment and the
synthetic sequence motif prediction task. These materials contain documentation and
explanations in readable prose, and should help researchers interested in using these
tools to more effectively apply them to organisms or datasets in their own domain.

While learning to develop deep learning models in Chapter 5, I noticed a gap in online
learning materials. There existed both basic PyTorch tutorials for using CNNs to process
image data and also sophisticated deep learning repositories for making predictions
from genomic sequence data. However, there were no tutorials that were both targeted
for beginners and DNA sequences. To fill this need, I created an example from our
synthetic sequence prediction analysis and distilled the key concepts into a
beginner-friendly tutorial – “Modeling DNA sequences with PyTorch” – showing how to
adapt the PyTorch deep learning framework for DNA sequence inputs (Figure 6.1.A). Its
publication in Towards Data Science has enabled the tutorial to reach over six-thousand
viewers beyond academic journals, including machine learning practitioners growing
their knowledge of biology, biologists just starting out with deep learning tools, and
general data science enthusiasts on the internet (Figure 6.1.C).

6.2.3. Educational materials for general audiences
Because day-to-day research activities are often so zoomed into deciphering complex
details at the frontier of our collective knowledge, why these details are worth
investigating, supporting, or even funding is sometimes difficult to convey to external
groups. Impactful scientific solutions are more likely to garner support from broader
communities if they are relatable and understandable, thus effective scientific
communication with the general public is extremely important.
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I have remained incredibly excited about the possibilities of synthetic biology to make a
difference in global sustainability, however discussing the field of genetic engineering
comes with significant baggage. For many valid reasons, many people do not trust
genetic engineering, whether it be negative consequences with some bad actors in the
space or fear of unpredictable consequences of new technology. While “evil scientist”
tropes common in the media do not help with negative associations of genetically
modified organisms, I was motivated to communicate ways in which genetic engineering
can actually be quite helpful, especially with respect to sustainability. I’ve found that
many people have not heard of metabolic engineering for sustainable biomolecule
production, and so writing “The Light Side of Genetic Engineering” for the publication
OneZero was a highly enjoyable effort to share an alternative view to the commonly
conveyed GMO narrative (Figure 6.1.B). While this is but one article in a sea of media
content, I wish to continue using accessible prose to connect with audiences beyond the
scientists and engineers I most frequently encounter in my everyday work. Ultimately, if
our scientific innovations cannot translate out of the lab and into the public domain, our
ability to meaningfully impact climate change will be negligible.

Finally, while engaging with general audiences about scientific solutions can certainly
aid their adoption, making scientific ideas accessible to young people can cultivate an
inspired energy that takes root more broadly within the next generation. I’ve taken
several opportunities to introduce concepts from metabolic and genetic engineering to
elementary and middle school learners, creating interactive, tactile activities with
magnets and cartoon organisms with uniquely shaped “DNA” puzzle pieces (Figure
6.1.D). While the activity mechanics are dramatically simplified relative to the genetic
manipulations that go into actual microbe engineering work, they are clarified at an
appropriate level such that younger audiences remain engaged with the core ideas and,
hopefully, are inspired to learn more about the possibilities of such ideas to protect the
environment.

A quote from Mrs. Terwilliger, the founder of a wildlife rescue hospital and educational
program in San Rafael, CA, is particularly meaningful for me: “Teach children to love
Nature. They’ll take care of what they love.” Striving to grow societal support through
inspiration, especially in future generations, is perhaps an underlooked avenue in
scientific endeavors, but one I plan to continue pursuing throughout my career.
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Figure 6.1. Science communications for varying technical audiences. A) “Modeling DNA Sequences
with PyTorch.” A beginner-friendly tutorial published in Towards Data Science, a Medium publication
(https://towardsdatascience.com/modeling-dna-sequences-with-pytorch-de28b0a05036). B) “The Light
Side of Genetic Engineering.” An introduction to metabolic engineering published in OneZero, a
Medium publication (https://onezero.medium.com/the-light-side-of-genetic-engineering-a65c5863b4d8).
C) Audience view and read statistics as of May 16, 2023. D) “Programming organisms with DNA
puzzles.” An interactive activity for elementary and middle schoolers. The activity features a suite of
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organisms that have the DNA to make a variety of useful molecules (spider silk, biofuel, citrus flavor,
pine smell, medicine, glow proteins, yogurt), represented as movable magnets that fit into the puzzle
structure inside its host organism (network of colored shapes). As participants try moving around the
puzzle pieces (as a representation of transferring DNA instructions between organisms), they notice
that the “bacterium” puzzle pocket is flexible enough for all the other “products” to fit, indicating its
relative ease of engineering.

6.3. Conclusion
Upon explaining the major goals of my research, many listeners are surprised to hear it
was done in a computer science department. Studying bacterial DNA sequences and
manipulating organism genomes certainly sounds more like biology. Noting that the vast
amounts of biological data being collected requires the aid of computational methods to
process and analyze it often helps clarify my membership in the school of computer
science and engineering; but truthfully, this work “could fit” within the research goals of
any number of departments. Genome sciences, chemical engineering, bioengineering,
microbiology, and molecular engineering are perhaps the most obvious candidates, but
others are quite relevant, too.

More accurately, this work is supported and fueled by innovations made in many
different fields. The convergence of disparate ideas and methods – from deep learning
theory proposed decades ago, next generation sequencing technology, advances in
GPU hardware, optimized methanotroph laboratory cultivation, synthetic biology tools
for efficient microbial genome editing, and too many scientific measurement
technologies to name – all enabled our computational explorations into the M.
buryatense genetic grammar. I hope the insights generated throughout this dissertation
contribute to continued interdisciplinary growth within and between scientific fields as
we work to shift human societies towards a stable relationship with our environment.
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