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ABSTRACT OF THE DISSERTATION

Decomposing the symphony of Escherichia coli gene expression

by

Anand Varun Sastry

Doctor of Philosophy in Bioengineering

University of California San Diego, 2020

Professor Bernhard ). Palsson, Chair

Bacteria respond and adapt to dynamic environments by altering their gene expression
through a complex Transcriptional Regulatory Network (TRN). Advances in sequencing tech-
nologies have accelerated the generation of large RNA sequencing datasets that can be leveraged
to probe the TRN. Here, we analyze large gene expression datasets using Independent Compo-
nent Analysis (ICA), an unsupervised machine learning algorithm developed to separate source
signals (e.g. individual instruments) from a set of mixed signals (e.g. recordings of an orchestra).
First, we compile a high-quality RN A-seq compendium containing over 250 expression profiles for

the model bacteria Fscherichia coli. We apply ICA to decompose this compendium into indepen-
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dently modulated sets of genes, termed i-modulons, that represent the source signals comprising
the transcriptome. Of the 92 i-modulons, 61 capture the genome-wide targets of characterized
transcriptional regulators with high accuracy. ICA simultaneously estimates the activity of each
transcriptional regulator in each growth condition. We show that this representation of the TRN
can be used to predict and validate new regulatory interactions, characterize mutations in tran-
scription factors, and provide a basis to compare gene expression across multiple E. coli strains.
Next, we show that the underlying structure of the F. coli transcriptome, as determined by ICA,
is conserved across multiple independent RNA-seq and microarray datasets. We subsequently
combine the datasets into a compendium containing over 800 expression profiles, and discover
that the ICA-based structure is still maintained upon data integration. Echoes of this structure
were also found in two proteomics datasets, accelerating biological discovery through multi-omics
analysis. Finally, we investigate how gene expression links environmental conditions to antibiotic
efficacy. We show that i-modulons simplify the analysis of complex transcriptional changes to
enable rapid characterization of cellular states beyond the transcriptome. As a whole, this body
of work introduces ICA as a compelling tool to integrate and understand large gene expression

datasets.

xvi



Chapter 1

Introduction

Bacteria survive and thrive on diverse environments by coordinating their gene expression
through a complex transcriptional regulatory network (TRN). For example, the gut-colonizing
bacteria Escherichia coli must respond to fluctuating nutrient and oxygenation levels by modu-
lating its gene expression state, or transcriptome. The TRN is an information processing unit;
it senses the cell’s environment and intracellular state, integrates this information, and produces
a transcriptome intended to optimize the cell’s chance for survival (Figure . Recent ad-
vances in high-throughput sequencing technologies have enabled rapid generation of high-quality
transcriptomes that can be leveraged to reverse engineer TRNs.

Understanding microbial TRNs is crucial for many issues in bioengineering and health-
care. Transcription factors have been implicated in controlling virulence in pathogenic organ-
isms |1} 2], evolution of antibiotic resistance [3, 4], and engineering of microbial strains for bio-
production [5] 6]. A complete understanding of microbial gene expression and regulation would
allow us to explain and predict the cell’s transcriptomic responses to these complex environmental

states.
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Figure 1.1: Simplified illustration of the TRN
1.1 Transcriptional regulation in E. col:

Microbial TRNs contain a wide range of transcriptional regulators, including proteins
(transcription factors and sigma factors [7]) and RNA elements (small RNAs [g8], riboswitches
[@]’ and transcriptional attenuators ) High-throughput methods such as chromatin immuno-
precipitation (ChIP) [11], can be used to determine the specific binding sites of transcription
factors or sigma factors on a genome-scale. However, time-intensive biochemical assays are nec-
essary to identify the molecular signals sensed by these regulators or to interrogate RNA-level
regulators.

The model organism FEscherichia coli is one of the best characterized organisms, with
known functions for over 65% of the genes in the laboratory strain MG1655 . Thanks to
the dedicated work of past scientists, there are now over 7,000 known interactions between
transcriptional regulators and genes in E. coli, which have been compiled into RegulonDB .
A brief examination of this database shows that over 75% of genes in RegulonDB are known
targets of two or fewer TFs (Figure ) However, multiple studies have shown that mere

binding information is still not enough to predict or even explain global changes in gene expression



[14, 15], highlighting the need for novel methods and models to resolve microbial gene regulation.
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Figure 1.2: Current state of E. coli TRN and transcriptomic data. (a) Distribution of TFs per
gene in E. coli. (b) Growth of E. coli transcriptomic data. Only datasets for E. coli MG1655
and BW25113 are shown

1.2 Big Biological Data and Machine Learning

A promising route to exploring complex biological systems is through statistical and
machine learning analysis of big biological data. In 2014, the NIH started the “Big Data to
Knowledge” initiative to promote the development of analytical methods and organizational tools
for making sense of the recent explosion of data [16]. The NCBI Gene Expression Omnibus (GEO)
[17] exemplifies this data deluge, as it has increased from 2 million to 3 million transcriptomes
in the year 2019 [18]. This exponential growth is also reflected in E. coli-specific datasets, which
is in part driven by our research group (Figure ) Machine learning methods can be applied
to these datasets to extract general rules and patterns from data.

Machine learning can be broadly categorized into supervised learning and unsupervised

learning. Supervised learning is predictive; given a set of inputs and outputs, a supervised



learning algorithm can learn rules to predict the output based on new inputs. The simplest
example of supervised learning is linear regression. My first publication, which was excluded
from this thesis, involved training multiple machine learning algorithms to predict the expression
of short peptides from multi-dimensional properties of their amino acid and nucleotide sequences
[19].

Sometimes, there are no expected outcomes from a dataset. In these cases, unsuper-
vised learning can find structures or patterns that shed light on processes represented by the
data. For example, clustering of gene expression data can identify co-expressed genes that share
similar functions. In my second publication, my co-authors and I used unsupervised learning
to investigate the completeness and robustness of E. coli’s TRN [14]. In the process, we found
that systemic biases could affect transcriptomic datasets compiled from multiple data sources,
even after correcting for batch effects. This finding underscored the need for a large high-quality,
self-consistent gene expression compendium.

Multiple unsupervised learning algorithms fall under the general category of matrix de-
composition, including principal component analysis, independent component analysis, and non-
negative matrix factorization. These methods decompose a high-dimensional matrix into two
lower-dimensional matrices (Figure . When applied to gene expression data, one matrix con-
tains relationships between genes, and the other contains sample-specific weights or activities
[20]. This thesis specifically focuses on the application of independent component analysis (ICA)

to microbial gene expression datasets.
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Figure 1.3: Matrix decomposition of gene expression datasets. (a) General equation of matrix
decomposition. Variable names are specific to ICA. (b) Each component (column of S) contains
a coefficient for each gene. These coefficients are scaled by the component’s condition-specific
activities (row in A) to form the component’s contribution to the transcriptomic compendium
(b) The sum of the contributions from the all components reconstructs the original matrix.

1.3 Independent Component Analysis

ICA was developed to solve the problem of blind source separation [21]. This can be
allegorized using an orchestra warming up, where each instrument is playing its own melody
(Figure. If we place many microphones throughout the stage, each microphone will record a
different linear combination of instruments depending on their relative locations. Using only this

set of mixed signals, and no additional information, ICA can isolate the sound of each individual



instrument and decompose the orchestra into its individual voices. In addition, ICA recovers
the relative volumes of these individual signals, reflecting the distances of each microphone from

each instrument.
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Figure 1.4: ICA extracts individual voices from mixed signals.

Mathematically, ICA is represented by the equation X = SA, where X is the matrix of
mixed measurements, S is the matrix of individual signals, and A is the matrix containing the
relative activities or contributions of each individual signal to each mixed measurement (Figure
. ICA relies on the assumption that individual signals are statistically independent from each
other, such that each signal has no effect on or relationship to the other signals. This problem
can be further simplified, since the statistical property of non-gaussianity is enough to guarantee

independence [22]. Through these properties a fast algorithm for ICA, aptly named FastICA,



was developed [23].
ICA has been shown to recover biologically-relevant signals from gene expression data [24-
30]. However, these prior studies could not conclusively state the biological source underlying

most of their independent components.

1.4 Thesis Outline

In this thesis, we present ICA as a tool to extract TRNs from large transcriptomic com-
pendia. Each chapter in this thesis represents one of the matrices in the fundamental ICA
equation. In the next chapter, we introduce the Precision RNA-seq Expression Compendium for
Independent Signal Extraction, or PRECISE, which is represented by the X matrix. This dataset
is used to demonstrate a variety of properties and insights revealed by application of ICA. In
the third chapter, we investigate the robustness of the S matrix and show that similar structures
are found across disparate datasets. Finally, the fourth chapter expands upon the utility of the
A matrix, demonstrating that ICA of transcriptomics data can provide cellular characterization
beyond the transcriptome. Taken together, the results presented in this thesis introduce ICA as

an integral method for understanding microbial gene expression.
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Chapter 2

The E. coli transcriptome mostly
consists of independently modulated

groups of genes

Underlying cellular responses is a transcriptional regulatory network (TRN) that modu-
lates gene expression. A useful description of the TRN would decompose the transcriptome into
targeted effects of individual transcriptional regulators. Here, we apply unsupervised machine
learning to a diverse compendium of nearly 300 high-quality Fscherichia coli RNA-seq datasets
to identify 92 statistically independent signals that modulate the expression of specific gene sets.
We show that 61 of these transcriptomic signals represent the effects of currently characterized
transcriptional regulators. Condition-specific activation of signals is validated by exposure of
E. coli to new environmental conditions. The resulting decomposition of the transcriptome pro-

vides: a mechanistic, systems-level, network-based explanation of responses to environmental
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and genetic perturbations; a guide to gene and regulator function discovery; and a basis for
characterizing transcriptomic differences in multiple strains. Taken together, our results show

that signal summation describes the composition of a model prokaryotic transcriptome.

2.1 Background

The transcriptional regulatory network (TRN) senses and integrates complex environ-
mental and intracellular information to coordinate gene expression of a cell. Reverse engineering
the TRN informs how an organism responds to diverse stresses and unfamiliar environments
[1H3]. A fully characterized TRN would enable the prediction and mechanistic explanation of an
organism’s dynamic adaptation to environmental or genetic perturbations.

Reconstruction of a genome-scale TRN requires a substantial number of experiments
to integrate the binding sites for each regulator and characterize their activities [4, 5]. Unlike
eukaryotic TRNs, which contain highly-connected co-associations [6], prokaryotic TRNs exhibit
a simpler structure; over 75% of genes in the model bacteria Escherichia coli are known targets
of two or fewer TFs (Figure [7].

The TRN structure is encoded in the genome as regulator binding sites and is invariant
to environmental dynamics. However, environmental and genetic perturbations alter the activity
states of transcriptional regulators to change their DNA binding affinity [8], which in turn mod-
ulates the transcriptome in a condition-specific manner [9]. Thus, a measured expression profile
reflects a combination of the activity of all transcriptional regulators under the examined condi-
tion. This poses the fundamental deconvolution challenge of separating the condition-invariant
network structure from its condition-dependent expression state on a genome scale.

Compendia of microarray expression profiles have been leveraged to infer TRNs by iden-
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tifying shared patterns across gene expression profiles, rather than using direct DNA-TF binding
information [10, [11]. Many inference methods define groups of genes, or modules, with similar
expression profiles that are often functionally related or co-expressed. Recently, a comprehensive
review of 42 module detection methods showed that independent component analysis (ICA), a
signal deconvolution algorithm, outperformed all other algorithms in identifying groups of coreg-
ulated genes [12].

ICA is a blind source separation algorithm used to deconvolute mixed signals into their
individual sources and determine their relative strengths [13]|. Prior application of ICA to mi-
croarray expression data [14] has identified co-expressed, functionally-related gene sets [15-17]
that often map to metabolic pathways [18,19]. A major advantage of decomposition-based mod-
ule detection algorithms, such as singular value decomposition (SVD) and ICA, over clustering
or network inference methods is that decomposition-based methods detect gene modules while
simultaneously computing the context-specific activity levels for these gene modules |12} 20]. The
overall expression levels, or activities of ICA-derived gene sets have been leveraged to classify
tumor samples [21-23] and connect transcriptional modules to disease states [24].

Although the aforementioned studies showed that ICA tends to identify biologically-
relevant transcriptional modules, the majority of gene modules remain uncharacterized, limiting
the utility of ICA-derived results to interpret biological responses. Here, we overcome this limi-
tation by applying ICA to a high-quality RNA-seq compendium for the well-characterized model
organism FE. coli. We find that 66% of ICA-derived gene sets clearly represent the effects of
transcriptional regulators, and propose biological or genetic explanations for an additional 27%
of gene sets (leaving only 7% uncharacterized). Our approach relies on: (1) the availability of

high-quality, self-consistent, and condition-rich RNA-seq expression profiling datasets; (2) the
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use of ICA to concurrently identify regulator targets and activities; and (3) experimental vali-
dation through the association of inferred regulator targets with observed molecular interactions
and through successful prediction of gene module activation. The elucidated TRN structure
deconvolutes transcriptomic responses of F. coli into a summation of condition-specific effects of

individual transcriptional regulators.

2.2 Results

2.2.1 ICA extracts regulatory signals from expression data

In order to extract regulatory interactions from expression data, diverse conditions must
be profiled to discriminate between the effects of transcriptional regulators. Previous studies have
compiled transcriptomics data from independent research groups to study the transcriptional
states and regulation of E. coli |10, 25-28]. Even after resolving the significant normalization
challenge with such disparate datasets, many sources of variation remain that obscure biological
signals |29-31]. These datasets mostly contain microarray data; RNA sequencing (RNA-seq)
data yields higher quality data with less noise and larger dynamic range [32].

We therefore compiled PRECISE, a Precision RNA-seq Expression Compendium for Inde-
pendent Signal Exploration. This high-fidelity expression profile compendium (median R? = 0.98
between biological replicates, see Figure ,b) comprises 278 RN A-seq expression profiles across
154 unique experimental conditions for Fscherichia coli K-12 MG1655 and BW25113. To assem-
ble PRECISE, we collected and processed RNA-seq data from over 15 studies published by our
research group (See Methods), comprising approximately 20% of all publicly available RNA-seq

data in NCBI GEO [33] for E. coli K-12 MG1655 and BW25113 (Figure [A.1Ik). The datasets
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in PRECISE were generated in a single laboratory and obtained using a standardized protocol,
with detailed reporting of experimental conditions and metadata to assist in usage as a compre-
hensive resource. This homogeneity mitigated batch effects (Figure ,e), simplifying the data
processing pipeline (See Methods).

We applied ICA to identify independent sources of variation in gene expression in PRE-
CISE. The traditional use of ICA as a signal decomposition algorithm is illustrated in Figure 2.Th.
When applied to transcriptomics data, ICA decomposes a collection of expression profiles (X)
into (1) a set of components, which represent underlying biological signals (S), and (2) the com-
ponents’ condition-specific activities (A) (Figure ,c). Each component, represented by a
column of S, contains a coefficient for each gene that represents the effect of a particular un-
derlying signal on the gene’s expression level. Components do not contain information on the
condition-specific transcriptomic state. Conversely, ICA computes activity levels for each com-
ponent across every condition in the compendium, represented by a row of A, to account for
condition-dependent expression changes. Each expression profile is represented by the summation
over all components, each scaled by its condition-specific activity (Figure .

ICA of PRECISE produced 92 robust components that explained 68% of the expression
variation (Figure ) To make sense of each component, we applied the workflow described
in Figure 2.2h. Most gene coefficients in a component were near zero, indicating that each
underlying signal affects a small number of significant genes (Figure ) We removed genes
with coefficients below a threshold (See Methods), resulting in a set of significant genes for each
component. We defined these condition-invariant sets of genes as i-modulons, since these genes
were independently modulated at consistent ratios across every condition in the compendium.

Henceforth, we will focus our discussion on the i-modulons extracted from the independent
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Figure 2.1: Independent component analysis and blind source separation. (a) Given three
microphones recording three people speaking simultaneously, each microphone records each voice
(i.e. signal) at different volumes (i.e. signal strengths) based on their relative distances. Using
only these measured mixed signals, ICA recovers the original signals and their relative signal
strengths by maximizing the statistical independence of the recovered signals [13, 34]. The
mixed signals (X) are a linear combination of the matrix of recovered source signals (S) and the
mixing matrix (A) that represents the relative strength of each source signal in the mixed output
signals. This relationship is mathematically described as X = SA.. (b) An expression profile under
a specific condition can be likened to a microphone in a cell, measuring the combined effects of
all transcriptional regulators. (c) Schematic illustration of ICA applied to a gene expression
compendium. See [ATh,b for additional details on data quality. The example TF is a dual
regulator that primarily up-regulates genes, and is activated by the green circular metabolite.
Example experimental conditions shown are a TF knock-out, wild-type, and wild-type grown on
medium supplemented with the activating metabolite. Each column of X contains an individual
expression profile across 3,923 genes in E. coli.

components, and their respective activity levels as computed from ICA. We note that a gene may
appear in multiple i-modulons if its expression is dependent on multiple underlying biological
signals.

The 92 resulting i-modulons are listed in Tabld2.1] We hypothesized that each i-modulon
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Figure 2.2: Characterization of independent components. (a) Schematic illustration of the work-
flow used to characterize independent components. (b) Independent components are processed
into i-modulons by removing all genes with coefficients within a significance threshold (indicated
in gray). Significant genes may have either positive (red) or negative (blue) coefficients. (c)
Distribution of i-modulon categories. Categories of regulatory i-modulons are labelled in bold
font. Genomic i-modulons account for single gene knock-outs, large deletions or duplications of
genomic regions. Biological i-modulons contain genes enriched for a specific function, but are
not linked to a specific transcriptional regulator.

was controlled by a particular transcriptional regulator, and that the i-modulon activity repre-
sented the condition-dependent activation state of the corresponding transcriptional regulator.
To test this hypothesis, we examined the consistency between i-modulons and reported regu-
lons, defined as the set of genes targeted by a common regulator, using a database of over 7,000

experimentally-derived regulatory interactions for E. coli [4].
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Table 2.1: Overview of i-modulons extracted from PRECISE

I_H;I(;(riion Gjries Regulator(s) Precision Recall Biological Function
Amino Acid and Nucleotide Biosynthesis (9)

ArgR 13 ArgR 0.92 0.1 Arginine biosynthesis
CysB 21 CysB 0.76 0.52 Sulfate assimilation
His-tRNA 9 His-tRNA 0.89 1 Histidine biosynthesis

IlvY or Branched-chain
Leu/Ile 14 leu-tRNA or 0.93 0.76 amino acid
ile-tRNA biosynthesis
Lrp 37 Lrp 0.86 0.16 Amino acid transport
MetJ 17 MetJ 0.65 0.73 Methionine biosynthesis
PurR-1 16 PurR 0.81 0.36 Purine biosynthesis
PurR-2 10 PurR 0.7 0.19 Pyrimidine biosynthesis
TrpR or
Tryptophan 11 trp-tRNA or 0.82 0.5 Tryptophan biosynthesis
Tryptophan
Carbon Source Utilization (17)
AllR/ AlIR or Allantoin, glyoxylate,
AraC/ 18 AraC or 1 0.6 L-arabinose, and
FucR FucR L-fucose catabolism
CdaR 10 CdaR 0.9 1 Glucarate catabolism
Cra 15 Cra 0.8 0.09 Glycolysis
Crp-2 40 Crp 0.7 0.05 Carbon transport
DhaR/Milc 11 Dhﬁi o 0.73 057 Dgﬁsk:;::rj:d
ExuR or D-galacturonate and
ExuR/FucR 15 FucR 0-67 0.63 L—%ucose catabolism
GlcC GlcC 1 0.86 Glycolate catabolism
GIpR GIpR 1 1 Glycerol catabolism
s
MalT 9 MalT 0.89 0.8 Maltose catabolism
NagC/TyrR 17 N;%SROI 0.94 0-33 an(? lt(;ljigl: iﬁiz;rlitsl?;sis
PrpR 6 PrpR 0.67 0.8 Propionate catabolism
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Table Overview of i-modulons extracted from PRECISE, continued

I_I;(;(iion Gjréles Regulator(s) Precision Recall Biological Function
BtsR or Pyruvate transport
Pyruvate 8 YpdB or 0.5 0.09 .
PdLR and metabolism
RbsR 6 RbsR 0.83 0.56 D-ribose catabolism
SrIR+GutM 5 StIR and 1 0.71 Sorbitol catabolism
GutM
XylR 13 XylR 0.46 0.86 Xylose catabolism
YiaJ 10 YiaJ 1 0.91 Ascorbate utilization
Energy Metabolism (4)
ArcA-1 50 ArcA 0.66 0.07 Electron transport chain
ArcA-2 25 ArcA 0.84 0.05 Anaerobic response
Fnr 40 Fnr 0.85 0.08 Anaerobic response
NarL 29 NarL 0.93 0.23 Nitrate respiration
Metal Homeostasis (6)
CusR or
Copper 8 HprR or 1 0.42 Copper homeostasis
CueR
Fecl 10 Fecl 0.5 1 Ferric citrate transport
Fur-1 48 Fur 0.9 0.25 Iron homeostasis
Fur-2 27 Fur 0.81 0.13 Iron homeostasis
NikR 6 NikR 0.83 0.83 Nickel homeostasis
Zinc 12 ZntR or 0.58 1 Zinc homeostasis
Zur
Miscellaneous Metabolism (7)
AtoC 6 AtoC 0.67 1 Acetoacetate degradation
Cbl+CysB 10 Cbl and 0.8 0.89 Sulfur starvation
CysB
Crp-1 60 Crp 0.48 0.05 Miscellaneous Functions
CsqR 10 CsqR 0.5 1 Sulfoquinovose catabolism
FadR 13 FadR 0.69 0.41 Fatty acid degradation
GevA 4 GevA 0.75 0.75 Glycine cleavage system
PuuR 7 PuuR 1 1 Putrescine catabolism
Thiamine 11 Thiamine 1 1 Thiamine biosynthesis
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Table Overview of i-modulons extracted from PRECISE, continued

I_Hli](:iion Gjréles Regulator(s) Precision Recall Biological Function
Stress Response (11)
CecR 5 CecR 1 1 Uncharacterized regulon
CpxR 17 CpxR 0.47 0.13 Membrane stress
EvgA 20 EvgA 0.5 0.63 Acid/osmotic stress
GadE and
GadEWX 17 GadW and 0.59 0.91 Acid stress response
GadX
GadWX 8 Ga(d};?\(;)z;nd 1 0.53 Acid stress response
Nac 37 Nac 0.86 0.06 Nitrogen limitation
NtrC+RpoN 56 NEI()]O&Nnd 0.57 0.67 Nitrogen limitation
OxyR 8 OxyR 1 0.17 Peroxide reductases
RpoH 13 RpoH 1 0.1 Heat shock response
RpoS 107 RpoS 0.37 0.13 General stress response
SoxS 41 SoxS 0.56 0.43 Oxidative stress response
Structural Components (3)
FIhDC 41 FIhDC 0.93 0.49 Flagella assembly
FliA 30 FLiA 0.97 0.45 Chemotaxis
RcsAB 28 RcsAB 0.36 0.63 Colanic acid capsule
Regulator Discovery (3)
Ygbl 9 Ygbl Unknown
YieP 11 YieP Unknown
YnelJ ) YnelJ Unknown
Genomic Alterations (15)
BW25113 17 See Section m
crp-KO 14 Acrp strains
deletion-1 41 39-gene deletion
deletion-2 110 171-gene deletion
duplication-1 84 129-gene deletion
el4-deletion 11 Removal of el4 prophage
efeU-repair 8 Accounts for efeU repair
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Table Overview of i-modulons extracted from PRECISE, continued

I_I;(;(iion Gjréles Regulator(s) Precision Recall Biological Function
entC-menF-KO 3 AentC and AmenkF strains
fur-KO 13 Afur strains
gadWX-KO 2 AgadW and AgadX strains
insertion 9 IS2 overexpression
purR-KO 3 ApurR strains
thrA-KO 3 AthrA strains
ydcl-KO 3 Aydcl strains
yvheO-KO 16 AyheO strains
Biological Enrichment (10)
curli Curli assembly
fimbriae Fimbriae assembly
flu-yeeRS Genes in CP4-44 prophage
iron-related 20 Related to iron metabolism
lipopolysaccharide 36 LPS biosynthesis
membrane 15 Membrane proteins
nitrate-related 14 Nitric oxide response
proVWX 4 Glycine betaine transport
sgr'’T 4 Single gene sgrT
translation 24 Ribosomal subunits

Uncharacterized (7)

We identified significant overlaps between regulons and 61 of the 92 i-modulons. We

defined these 61 i-modulons as regulatory i-modulons. Four regulatory i-modulons were linked

to a single sigma factor (RpoS, RpoH, FliA, and Fecl), two i-modulons were linked to a single

transcriptional attenuator (including the thiamine riboswitch) [35-37], and 40 i-modulons were

linked to a single TF. Fifteen regulatory i-modulons were associated with multiple transcriptional

regulators. Of the 31 non-regulatory i-modulons, 15 i-modulons were associated with distinct

genetic changes, such as gene knock-outs and strain-specific differences, and 10 i-modulons were
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enriched in a specific biological function or process (Figure [2.2f).

I-modulons were manually curated, and named after their associated regulator (e.g.,
the MetJ i-modulon) or biological function (e.g., the Tryptophan i-modulon). The majority
of regulatory i-modulons (43 of 61) mapped to metabolic pathways (Figure , as previ-
ously noted [18]. The remaining regulatory i-modulons represented diverse cellular responses
(Figure ,c). Detailed information for all 92 i-modulons, including gene composition, reg-
ulon enrichments, activity levels, and upstream regulator binding motifs, is available in Ap-
pendix |Bl The PRECISE dataset and code for i-modulon computation are available on Github

at https://github.com/SBRG /precise-dbl.
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Figure 2.3: I-modulons are enriched with metabolic pathways. Twelve regulatory i-modulons
are shown overlaying a metabolic network map. Gene names within a colored box are members of
the corresponding i-modulon. Co-transcribed genes whose products form a complex or catalyze
adjacent reactions share gene names (e.g., trpEDCBA), and isozymes (i.e., enzymes that catalyze
identical reactions) share reaction lines (e.g., glpABC/glpD). Genes with positive i-modulon
weights are colored blue, and genes with negative weights are red. Bold font indicates that the
genes belong to the associated regulon.
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2.2.2 Validation of i-modulon-regulator relationships

On average, 78% of genes in a regulatory i-modulon were reported targets of the linked
transcriptional regulator(s) (Figure ,b). In order to benchmark the precision of the i-
modulons generated from PRECISE, we applied the ICA workflow to ten randomly generated
subsets of a single-platform microarray compendium [10], maintaining a similar number of ex-
perimental conditions as PRECISE (See Methods). In addition, we applied the ICA workflow to
a microarray dataset generated by a single research group |26] that contained a similar number
of samples as PRECISE. Both the proportion and precision of regulatory i-modulons were signif-
icantly lower (Mann-Whitney U test, p-value < 0.05) in the microarray datasets (Figure ,d).
We also applied sparse-PCA to PRECISE and the dataset from a single research group, and
found significantly less overlap with the known TRN (Mann-Whitney U test, p-value < 0.05),
illustrating that independence, rather than sparsity, was key to obtaining regulatory i-modulons
(Figure [A.3p,b).

Many regulatory i-modulons contained genes that were not in the associated regulon.
We hypothesized that these remaining genes were actually regulated by the associated regulator,
but the binding sites were not experimentally determined. We tested this claim by performing
ChIP-exo [38] to locate binding sites for the TFs MetJ and CysB, which regulate methionine
biosynthesis and sulfate assimilation, respectively. We identified MetJ binding sites upstream of
all 17 genes in the MetJ i-modulon (Figure ) The CysB regulon was split into the CysB
i-modulon and the jointly regulated Cbl+CysB i-modulon (Figure ) We identified CysB
binding sites upstream of all genes except one (iraD) in both i-modulons (Figure ) TF
binding was not detected near 9 of the 11 genes that were in the reported MetJ and CysB

regulons but not in their respective i-modulons, potentially indicating inconsistencies in previous
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Figure 2.4: Validation of I-modulon-Regulator Relationships. (a) Precision is the fraction of
genes in an i-modulon that are in the linked regulon, and recall is the fraction of genes in a regulon
that are in the linked i-modulon. (b) Precision across all 61 regulatory i-modulons. (c) Fraction
of total i-modulons significantly enriched with targets from a single transcriptional regulator.
I-modulons generated from PRECISE (blue) were compared against i-modulons generated from
a microarray dataset with 266 expression profiles [26] (orange), and i-modulons generated from
10 similar-sized subsets of a single-platform microarray compendium [10] (green). Each dataset
was analyzed using 3-fold cross-validation (See Methods), resulting in 30 data points for the
microarray compendium. Single star represents a Mann-Whitney U test p-value < .05, and
double star represents a p-value < .01 (d) Boxplots comparing the precision of regulatory i-
modulons across all three datasets. Single star represents a Mann-Whitney U test p-value < .05.
Boxplot whiskers represent extrema of data, box bounds represent upper and lower quartiles,
and center-line represents the median value. (e) Comparison of genes in the MetJ regulon (red)
and i-modulon (green). Genes validated by ChIP-exo are shown in bold. Gene names for co-
transcribed genes were combined (e.g. metBL represents the transcription unit containing metB
and metL) (f) Comparison of genes in the CysB regulon (red) and the CysB and Cbl+CysB i-
modulons (green and blue, respectively). Most genes in the Cbl+CysB i-modulon were regulated
by both Cbl and CysB. The starred gene, sbp, was a member of both i-modulons but was not
in the reported CysB regulon. Genes with TF binding as determined by ChIP-exo are shown in
bold.

regulon definitions. The results from these two ChIP-exo experiments showed that previously

unidentified regulator binding sites may explain the absence of genes in low-precision i-modulons.
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Application of ICA also extracted the condition-specific activities of i-modulons, provid-
ing an additional source of validation. I-modulon activities were centered such that all i-modulon
activities were zero for a reference condition (See Methods). Thus, i-modulon activities under
a particular condition represented the relative up- or down-regulation of the i-modulon genes
compared to the reference condition. It is important to note that positive i-modulon activi-
ties represent increased binding of transcriptional activators, or de-repression for transcriptional
regulators.

In order to validate that media perturbations predictably altered specific i-modulon ac-
tivities, we designed 10 expression profiling experiments to conditionally activate 20 regulators.
We confirmed 75% (15/20) of predicted activations through 13 i-modulons (Figure[2.5)). The sign
of the i-modulon activity revealed whether the effector resulted in a net activation or repression
of i-modulon genes, which was consistent with known mechanisms for the regulators.

Seven of the ten experiments included dual perturbations to simultaneously activate two
regulators. In two cases, the two regulatory effects were recognized as a single signal, resulting in
the combined i-modulons NagC/TyrR and GntR/TyrR (Figure [A.3{d,e). Combined i-modulons
may also occur if a single molecule activates multiple regulators (Figure ,g). Cytidine supple-
mentation did not activate the cytidine-binding transcription factor CytR; however, the pyrim-
idine biosynthesis PurR-2 i-modulon was activated. Although four media additions (arginine,
cytidine, galactose, and uracil) did not activate regulon-enriched i-modulons over the reference
condition, the i-modulon structure of the TRN proved robust to additional data and displayed

predictive capabilities.
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Figure 2.5: Validation of i-modulon activities. Compendium-wide activities of i-modulons
predicted to be activated on ten media conditions. Correctly activated i-modulons are shown in
bold. Distribution of i-modulon activities from pre-existing data includes all data from PRECISE
excluding the ten validation conditions. The gray shaded region represents the average standard
deviation across pre-existing i-modulon activities. All amino acid supplements were L-form, and
all sugars were D-form. Abbreviations: GlcNAc, N-acetyl-glucosamine.

2.2.3 ICA reveals independent modules within the PurR regulon

In order to gain a detailed understanding of the biological roles of individual i-modulons,
we programmatically generated a summary of characteristics for each i-modulon (See Ap-
pendix . Figure demonstrates the biological understanding to be gained from these char-
acteristics for two exemplary i-modulons with significant overlap with genes in the PurR regulon
(Fisher’s exact test p-value < 107!°), named PurR-1 and PurR-2, respectively.

PurR is a repressor of nucleotide biosynthetic genes and is activated by intracellular
purine levels [39]. The PurR-1 i-modulon contained 16 significant genes with both positive and

negative coefficients, of which 14 were related to purine metabolism (See Figure . The PurR-
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Figure 2.6: ICA reveals independent modules within the PurR regulon. (a) Histograms of gene
coefficients in the PurR-1 and PurR-2 i-modulons. (b) Comparison of genes in the reported
PurR regulon (blue), PurR-1 i-modulon (red) and PurR-2 i-modulon (green). Gene names for
co-transcribed genes were combined (e.g. codAB represents codA and codB). (c¢) Motif identified
upstream of genes in PurR-1 i-modulon compared to the reported PurR motif from RegulonDB
. This motif was identified upstream of the guanine/hypoxanthine transporter encoding gene
ghzP, although regulator binding was not previously reported. (d) The two PurR associated
i-modulons exhibited distinct responses to environmental perturbations. Asterisks denote sig-
nificant i-modulon activities as compared to the reference condition (See Methods). Each bar
represents a single biological replicate. (e) The PurR-1 i-modulon activity level is highly corre-
lated with purR expression level across all conditions (excluding the PurR knock-out), whereas
the PurR-2 i-modulon activity exhibits poor correlation (Figure ) Similar information on all
92 i-modulons is available in Appendix [B] Abbreviations: log-TPM, log-transformed Transcripts
per Million.

2 i-modulon contained 10 genes, of which nine were in the pyrimidine biosynthetic pathway

(Figure ) Together, the two PurR-related i-modulons accounted for 20 of the 36 genes in
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the reported PurR regulon (Figure ) Segmentation of regulons into multiple constituent
i-modulons was observed for other global regulators such as Fur and Crp (Figure ,b).

The 14 genes with positive coefficients in the PurR-1 i-modulon were associated with
purine biosynthesis, with 13 genes confirmed to be regulated by PurR. We detected the PurR
binding motif upstream of the missing gene (ghxP), suggesting that it is regulated by PurR (Fig-
ure ) Similar analysis identified 150 previously unidentified regulator binding sites across 20
regulatory i-modulons. The two genes with negative coefficients (add and ydhC') were expressed
inversely to the activation of the purine biosynthetic pathway; add encodes the first enzyme in
the purine degradation pathway, and ydhC is a putative transporter. Since the negative gene
coefficient indicated that ydhC expression responded inversely to purine biosynthetic gene ex-
pression, we hypothesized that ydhC was a purine-related efflux pump. In a similar fashion, we
used the i-modulon structure to generate additional information for 224 genes with poor annota-
tions, including 11 transporters. One such prediction, yjiY, was recently independently verified
as a pyruvate transporter and renamed to btsT [40].

The condition-specific activities of the PurR-related i-modulons revealed differences in
purine and pyrimidine biosynthetic gene expression (Figure ) Adenine supplementation
activated the repressor PurR to decrease the activity of the PurR-1 and PurR-2 i-modulons,
whereas cytidine supplementation resulted in a decrease in PurR-2 activity. Knock-out of PurR
did not affect the PurR-2 activity, while de-repressing the purine biosynthetic pathway. LB rich
medium decreased both i-modulon activities.

The relationship between the quantitative activities of the PurR i-modulons and the
expression level of PurR indicated the drivers of regulator activity. The activity of the PurR-1

i-modulon was highly correlated (Pearson R = 0.81, p-value < 10719) with the expression level
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of purR (Figure ) A similar relationship was observed in 26 of 61 regulatory i-modulons,
20 of which required a minimum expression level to activate the i-modulon (See Figure [A.4k).
In contrast, the activity of the PurR-2 i-modulon was poorly correlated with purR expression
(Pearson R = 0.3, p-value = 6x1077), and is likely controlled by UTP-dependent reiterative
transcription [41] (Figure[A.4d). The low correlation between many i-modulon activities and their
corresponding regulator expression levels specifically identifies where static TRNs are inconsistent
with expression data [42].

The results presented in this section demonstrate that the i-modulon structure of the
TRN revealed by ICA provides a deep understanding of its biological functions and offers a guide

to discovery.

2.2.4 ICA provides answers to unasked questions

Most expression profiles in PRECISE were designed to test specific biological hypotheses
leading to independent, self-contained studies. However, by integrating these datasets together
and applying ICA, we gained the ability to answer questions not addressed in the individual
studies.

To illustrate this concept, we examined the i-modulons activated by the addition of 80
new expression profiles from four recently-published RNA-seq datasets [43H46] (Figure [2.7h).
The expression profiles were generated and processed using the same protocol as the rest of
the compendium. ICA of the original 198 expression profiles resulted in 73 i-modulons, 65 of
which were maintained upon incorporation of the 80 additional expression profiles. Analysis of
the i-modulons resulting from three nested subsets of PRECISE confirmed that i-modulons were

rarely lost upon addition of new data (See Methods, Figure ) The 80 additional datasets
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activated 26 new i-modulons, including 14 regulatory i-modulons and 9 genomic i-modulons. The
activities of each new i-modulon revealed the causative expression profiles (Figure [2.7c).

For example, one dataset included knock-outs of 10 uncharacterized TFs [43], which
generated five new i-modulons. Two i-modulons were dominated by a single knocked-out gene
(Figure ), whereas two remaining i-modulons (YiaJ and YieP) primarily contained genes with
experimentally determined TF binding sites (Figure ,e), revealing two new high-confidence
regulons. Knock-out of cecR produced an i-modulon that was recently independently validated
with high accuracy [47]. Since the genes in the three new regulatory i-modulons had positive coef-
ficients and the i-modulon activity was positive upon gene knock-out (Figure ), we concluded
that the TF knock-out resulted in overexpression of these genes. Therefore, we characterized
these TF's as transcriptional repressors.

The other three datasets contained endpoint strains from adaptive laboratory evolutions
(ALEs) [44H46]. ALE endpoint strains often contain many mutations whose downstream effects
are difficult to resolve [48]. However, most strains contained at least one mutation in or near
a transcriptional regulator that corresponded with explainable changes in i-modulon activities
(Figure ) Most of these regulators were well-characterized repressors and resulted in dere-

pression of the i-modulon genes.
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Figure 2.7: ICA provides answers to unasked questions. (a) Schematic illustration of appending
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in strain with 39-gene deletion against Deletion-1 i-modulon gene coefficients.
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However, two i-modulons were activated in strains where mutations occurred within TFs
with no published information (Ygbl and YneJ). The YneJ i-modulon contained six genes, of
which pro@ and entC are knocked-out in the strain with highest i-modulon activities (Fig-
ure ) Three remaining genes were divergently transcribed from yneJ, hinting at a potential
regulator binding site.

The Ygbl i-modulon contained 9 genes, five of which are divergently transcribed from
ygbl, and have putative functions for four-carbon sugar catabolism [49]. The Ygbl i-modulon
was activated during adaptation of E. coli MG1655 to growth on tartrate, a four-carbon sugar.
Although FE. coli does not support native growth on tartrate, the evolved strains were able
to utilize tartrate as the primary carbon source. Of the remaining four genes, two may be
explained by other mutations present in this endpoint. Therefore, we hypothesize that Ygbl is a
transcriptional repressor that binds between ygbl and ygbJ (Figure [2.7g).

ALE strains often contain deletions or duplications of large regions in the genome, which
are detected as genomic i-modulons. The Deletion-1 i-modulon resulted from a 39-gene deletion
and had a negative activity for the strain with the deletion. This indicated that genes with
positive i-modulon coefficients are not expressed in this strain, whereas genes with negative i-
modulon coeflicients are over-expressed in this strain. The deletion itself included included KdgR,
a transcription factor known to repress kdgT and kdgK [50]. These genes, along with asr, hyi,
kduD, and kdul, had negative i-modulon coefficients, indicating that they were over-expressed
when KdgR was knocked out. Since kduD and kdul encode genes with similar metabolic functions
to kdgK (Figure ), we predict that they are also repressed by KdgR.

When new experimental data was added to the existing compendium, answers were re-

vealed to questions unasked by the original studies. Next, we show that correlations between
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i-modulon activity levels can do the same by revealing relationships between the cellular functions

represented by the i-modulons.

2.2.5 Two i-modulons characterize the ‘Fear-Greed’ trade-off

Can the i-modulon decomposition be utilized to understand a major genetic perturbation
of the transcriptome? Adaptive laboratory evolution of E. coli [51] revealed two distinct point
mutations in RpoB, the RNA polymerase subunit 5, that shift cellular resources towards growth-
related functions (i.e. greed) away from stress-hedging functions (i.e. fear) [52].

The quantitative i-modulon activities for two RpoB mutant strains reflected this trade-off
(Figure ) Six i-modulons whose activities significantly deviated from the wild-type strain
were initially uncharacterized. Further investigation into one of these i-modulons revealed genes
encoding translation machinery, such as ribosomal proteins, to comprise one of the uncharac-
terized i-modulons (Figure ) The compendium-wide activity of this Translation i-modulon
was correlated with growth rate (Pearson R = 0.59, p-value < 10710, Figure ), consistent
with previous observations that growth is propelled by increased ribosomal catalytic activity
[53-56]. The Translation i-modulon therefore represented the greedy, growth-related functions
of the transcriptome.

The i-modulon with the largest activity decrease in both variants was enriched in genes
controlled by the stress response sigma factor (RpoS). The RpoS i-modulon activity was corre-
lated (Pearson R = 0.65, p-value < 107!, Figure ) with the expression level of rpoS and
revealed a quantitative measure of cellular stress across diverse conditions (Figure ) There-
fore, the RpoS i-modulon represented the fearful stress-hedging functions of the transcriptome.

PRECISE also contained expression data for over 45 strains from ALE experiments [48],
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Figure 2.8: Two i-modulons characterize the ‘Fear vs. Greed’ trade-off. (a) Comparison of
i-modulon activities in the RpoB E672K and RpoB E546V mutant strains grown on glucose mini-
mal media against wild-type activities. Significant i-modulon activities are designated by asterisks
(See Methods). For detailed information about these i-modulons, see Appendix[B] (b) Histogram
of translation i-modulon gene coefficients. Gene names are shown for genes above threshold. (c)
The RpoS i-modulon activities revealed the stress level of the cell under various conditions. Box
plot whiskers represent extrema, box bounds represent upper and lower quartiles, and center-line
represents the median value. (d) The RpoS i-modulon activities were anti-correlated with the
Translation i-modulon activities, highlighting the trade-off between stress-hedging and growth.
Single nucleotide mutations in RpoB (in yellow and orange) shift cellular resources along this
line from the wild-type strain (in red). Points were colored by growth rate measurements when
available.

many of which contained mutations in genes encoding RNA polymerase subunits. All strains
with mutated rpoB or rpoC genes exhibited low RpoS i-modulon activity, reflecting a reduction

in stress-related expression. Further examination revealed that the RpoS i-modulon activity was
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anti-correlated with the Translation i-modulon activity (Pearson R = -0.60, p-value < 10710)),
illuminating the compendium-wide transcriptomic trade-off between fear and greed (Figure )
The mutations in rpoB shift the strains along this line, increasing growth and reducing stress-
related gene expression.

The results presented in this section show that the fear-greed trade-off, and other tran-
scriptome restructuring events, can be studied in great detail by decomposing the transcriptome

into a summation of independent regulatory events.

2.2.6 An i-modulon discriminates between two FE. col: strains

The PRECISE compendium includes 46 RNA-seq datasets from FE. coli BW25113, a
closely-related strain to E. coli MG1655. The BW25113 strain was the background strain for the
Keio collection of over 3,000 single-gene knock-outs [57]. The transcriptomic differences between
these strains, resulting from 29 genetic variations [58], have not been characterized. We identified
a single i-modulon whose activities separated the transcriptomes of the two strains (Figure[2.9h).

The i-modulon gene coefficients elucidated nine transcriptomic differences explained by
genetic differences between the strains (Figure ) Deletions and truncation in the BW25113
strain account for all genes with negative coefficients. An insertion sequence (IS30) in the mhpC
gene in the BW25113 strain corresponds to a large increase in expression of mhpCDEF, as IS30
contains a known promoter [59]. Point mutations at the predicted transcription start site of
tabA, in the FabR regulator, and in the phenylalanine tRNA pheV, account for other genes with

positive coefficients.
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Figure 2.9: I-modulons explain expression changes across E. coli strains.

(a) BW25113 i-

modulon activities separated by strain. Number of expression profiles from each strain is shown.
Boxplot whiskers represent extrema of data, box bounds represent upper and lower quartiles, and
center-line represents the median value. (b) Scatterplot of average BW25113 expression against
BW25113 i-modulon activity. (c) Subtraction of the BW25113 and Thiamine i-modulons from
the E. coli BW25113 expression profile accounts for the major transcriptomic deviations from
E. coli MG1655 grown without thiamine. Dashed lines indicate four-fold difference in TPM. (d)
Heatmap of estimated i-modulon activities for 8 E. coli strains grown on glucose minimal media
(with added thiamine and ferric chloride for BW25113). Only significantly altered regulatory
i-modulon activities are shown. Boxed i-modulon activities are referred to in the main text. (e)
Sequence alignment of the RpoS protein across the eight E. coli strains. (f) RpoS activities of
the eight strains grouped by position 33 in the RpoS protein sequence, as detailed in panel (e).
Abbreviations: TSS, transcription start site.

We then sought to use the summation of i-modulons to quantitatively account for these
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strain-specific differences. To this end, we analyzed two expression profiles in the compendium:
the reference condition (wild-type E. coli MG1655) and E. coli BW25113 with thiamine and
ferric chloride supplementation. Only two i-modulons were differentially activated between the
two conditions: the BW25113 i-modulon (described above) and the Thiamine i-modulon that
controls thiamine biosynthesis through a riboswitch [35]. We accounted for the transcriptomic
differences by subtracting the gene coefficients in the two i-modulons scaled by their respective
i-modulon activities from the E. coli BW25113 expression profile. This subtraction increased the
R? between the two strains’ expression profiles from 0.29 to 0.96 for the BW25113 i-modulon
genes, and from below 0 to 0.95 for the Thiamine i-modulon genes. (Figure ) A similar
increase in the R? value for the BW25113 i-modulon genes was observed when the i-modulon
was subtracted from any BW25113 expression profile. This illustrated that the summation of
the independently modulated genes captured the major expression differences between the two
strains.

In the previous section, we used the i-modulon structure to interpret the effects of a
single mutation in rpoB on the transcriptome. Here, we illustrated the broader ability of the
i-modulons to interpret and quantitatively account for the transcriptional differences between
closely related strains. Next, we evaluate if i-modulons can provide understanding of larger scale

genetic differences between strains.

2.2.7 I-modulons explain expression changes across E. coli strains

It has proven difficult to compare transcriptional regulation between different strains of
the same species [60]. We examined the ability of i-modulons to provide a structured basis

for such comparison. We grew and expression profiled a set of eight diverse E. coli strains in
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identical media (with additional supplements for BW251123 as described above) and calculated
their i-modulon activities using the 92 previously identified i-modulons as a basis (Figure [2.9d).
Three strains (MG1655, BW25113 and W3110) diverged from the same ancestral K-12 strain
with limited genetic differences; CFT0173 and O157:H7 EDL933 are pathogenic strains; and the
remaining three strains (BL21(DE3), HS, and Crooks) are laboratory strains.

The expression profiles of the K-12 strains shared similar i-modulon activities, including
higher activities in the pyrimidine-responsive PurR-2 i-modulon. This increased expression can
be explained by a defect in the rph-pyrE operon, which leads to pyrimidine starvation in the
K-12 strains [61]. The RpoS i-modulon activity was significantly suppressed in all strains except
MG1655 and BW25113. Strains W3110, CFT073, and O157:H7 EDL933 have an amber mutation
that results in a truncation of rpoS and is known to reduce its expression and activity [62, 63].
Three other strains (BL21(DE3), HS, and Crooks) contain a divergent mutation at the same
position that likely explains their reduced RpoS i-modulon activity (Figure ,f).

These results demonstrate that the i-modulons derived from a single strain can provide a
scaffold to analyze transcriptomes from other strains of the same species. Strain-specific differ-
ences in i-modulon activities can be traced to sequence variations in the associated regulators,

thus providing a deep explanation for targeted strain differences.

2.3 Discussion

We have demonstrated that the combination of (1) independent component analysis of
high-quality RNA-seq data and (2) high-resolution comprehensive regulator binding site informa-
tion, identifies linear combinations of quantitative regulatory signals that reconstitute the E. coli

transcriptome, leading to the first F. coli TRN inferred from an RNA-seq compendium. This
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result suggests that a principle of i-modulon addition governs the composition of the F. coli tran-
scriptome. Application of this principle provided a multidimensional understanding of the E. coli
TRN, and uncovered detailed responses to environmental and genetic perturbations, optimality
of adaptation to new conditions, and links between genotypes and phenotypes of E. coli strains.
If this principle governs the composition of other prokaryotic transcriptomes, it provides a path
to develop a detailed understanding of transcriptional regulation in less-understood organisms.
We have shown that for the model prokaryote E. coli, 61 of the 92 identified i-modulons
represent the effects of characterized transcriptional regulators. This coverage is a consequence of
the quality and diversity of the RNA-seq compendium used, the extensive information available
on F. coli transcriptional regulators, and the relative simplicity of the F. coli TRN. In principle,
if we obtained expression data for every condition sensed by a prokaryote, we could decompose
its expression state to a non-reducible set of regulatory signals. These fundamental signals,
combined with high-throughput binding data for all TFs in an organism [43], would lead to the

establishment of a comprehensive quantitative transcriptional regulatory network.

2.4 Methods

2.4.1 RNA extraction and library preparation

Total RNA was sampled from duplicate cultures. All strains were grown in mini-

mal salts (M9) medium at exponential phase, with complete growth conditions listed in the

[https://github.com/SBRG /precise-db| repository. Growth curve analysis were performed using

Bioscreen C Reader system with 200 ul. culture volume per well. Two biological replicates were

used in the assay. Media components were purchased from Sigma-Aldrich (St. Louis, MO). For
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nitrate respiration cultures, a 35:50 ratio of carbon dioxide to nitrogen was bubbled through the
media to deoxygenate. After inoculation and growth, 3 mL of cell broth (OD600 ~ 0.5) was
immediately added to 2 volumes Qiagen RNA-protect Bacteria Reagent (6 mL), vortexed for 5
seconds, incubated at room temperature for 5 min, and immediately centrifuged for 10 min at
11,000 xg. The supernatant was decanted, and the cell pellet was stored in the -80°C. Cell pellets
were thawed and incubated with Readylyse Lysozyme, Superaseln, Protease K, and 20% SDS
for 20 minutes at 37°C. Total RNA was isolated and purified using the Qiagen RNeasy Mini Kit
columns and following vendor procedures. An on-column DNase-treatment was performed for 30
minutes at room temperature. RNA was quantified using a Nano drop and quality assessed by
running an RNA-nano chip on a bioanalyzer. The rRNA was removed using Illumina Ribo-Zero
rRNA removal kit for Gram Negative Bacteria. A KAPA Stranded RNA-Seq Kit (Kapa Biosys-
tems KK8401) was used following the manufacturer’s protocol to create sequencing libraries with
an average insert length of around 300 bp. Libraries were ran on a HiSeq4000 (Illumina). All

RNA-seq experiments were performed in biological duplicates from distinct samples.

2.4.2 ChIP-exo preparation

To activate each TF, cells were grown on relevant media: M9 minimal medium with 2
g/L glucose and 5 mM methionine for MetJ, M9 minimal medium with 2 g/L glucose and 0.25
mM taurine for CysB, and M9 minimal medium with 3.3 g/L pyruvate for YheO. To identify
binding maps for each TF, DNA bound to each TF from formaldehyde cross-linked E. coli
cells were isolated by chromatin immunoprecipitation (ChIP) with 15 ul specific antibodies that
specifically recognize myc tag (9E10, Santa Cruz Biotechnology, Catalog # sc-40), and Dynabeads

Pan Mouse IgG magnetic beads (Invitrogen) followed by stringent washings. ChIP materials
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(chromatin-beads) were used to perform on-bead enzymatic reactions of the ChIP-exo method [38),
64, 65]. The sheared DNA of chromatin-beads was repaired by the NEBNext End Repair Module
(New England Biolabs) followed by the addition of a single dA overhang and ligation of the first
adaptor (5-phosphorylated) using dA-Tailing Module (New England Biolabs) and NEBNext
Quick Ligation Module (New England Biolabs), respectively. Nick repair was performed by using
PreCR Repair Mix (New England Biolabs). Lambda exonuclease- and RecJf exonuclease-treated
chromatin was eluted from the beads and overnight incubation at 65°C reversed the protein-DNA
cross-link. RNAs- and Proteins-removed DNA samples were used to perform primer extension
and second adaptor ligation with following modifications. The DNA samples incubated for primer
extension as described previously were treated with dA-Tailing Module (New England Biolabs)
and NEBNext Quick Ligation Module (New England Biolabs) for second adaptor ligation. The
DNA sample purified by GeneRead Size Selection Kit (Qiagen) was enriched by polymerase
chain reaction (PCR) using Phusion High-Fidelity DNA Polymerase (New England Biolabs).
The amplified DNA samples were purified again by GeneRead Size Selection Kit (Qiagen) and
quantified using Qubit dsDNA HS Assay Kit (Life Technologies). Quality of the DNA sample was
checked by running Agilent High Sensitivity DNA Kit using Agilent 2100 Bioanalyzer (Agilent)
before sequenced using HiSeq 2500 (Illumina) following the manufacturer’s instructions. ChIP-

exo experiments were performed in biological duplicates from distinct samples.

2.4.3 ChIP-exo Processing

Sequence reads obtained from ChIP-exo experiments were mapped onto the FE. coli refer-
ence genome (NC_000913.3) using bowtie (v1.1.2) [66] with default options in order to generate

SAM output files. MACE program [67] was used to define peak candidates from biological dupli-
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cates for each experimental condition with sequence depth normalization. Then, each peak was
assigned to the nearest operon on either side, using operon definitions from RegulonDB. Only
operons 500 base pairs downstream of peak were considered. Final operons on forward strand
were required to be in front of the peak, and operons on reverse strand were required to be
behind the peak. Genome-scale data were visualized using MetaScope to manually curate peaks

(https://sites.google.com/view /systemskimlab /software?authuser=0).

2.4.4 Compilation of PRECISE

Raw sequencing reads were collected from GEO or produced using the above protocol, and
mapped to the reference genome (NC_000913.3) using Bowtie (v1.1.2) [66] with the following op-
tions “-X 1000 -n 2 -3 3”. Transcript abundance was quantified using summarizeOverlaps from the
R GenomicAlignments package (v1.18.0), with the following options “mode="1IntersectionStrict”,
singleEnd=FALSE, ignore.strand=FALSE, preprocess.reads=invertStrand” [68]. To ensure the
quality of the compendium, genes shorter than 100 nucleotides and genes with under 10 fragments
per million mapped reads across all samples were removed before further analysis. Transcripts
per Million (TPM) were calculated by DESeq2 (v1.22.1) [69]. The final expression compendium
was log-transformed log, (T PM + 1) before analysis, referred to as log-TPM. Biological replicates

with R? < 0.9 between log-TPM were removed to reduce technical noise.

2.4.5 Compilation of the reported E. coli regulatory network

We compiled the global TRN using all interactions from RegulonDB 10.0 [3] for both
transcription factor and sRNA binding sites. Binding sites were added from recent ChIP-exo

studies [31], in addition to binding sites for Nac and NtrC |70] and potential binding sites for 10
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uncharacterized transcription factors [43]. We also included sigma factor binding sites, riboswitch
information, and transcriptional attenuation from Ecocyc [71]. When reported, mode of effect
(i.e. activation or repression) was included. If the effect was unreported, or multiple effects were
reported, effects were designated as unknown. All genes absent from PRECISE were removed

from the final TRN.

2.4.6 Computing robust independent components

We first centered the compendium using wild-type FE. coli MG1655 grown on glucose
M9 minimal media as the reference condition (labelled control__wt_glc__1 and control__wt_glc__2).
We subtracted the mean expression of each gene in these two samples from the compendium to
calculate log2-fold-change (LFC) deviations from the reference.

We used the Scikit-learn [72] (v0.19.2) implementation of the FastICA algorithm [34]
to identify independent components. We executed FastICA 256 times with random seeds, a
convergence tolerance of 1078, log(cosh(z)) as the contrast function, and the parallel search
algorithm. We set the number of components in each iteration to the number of components that
reconstruct 99% of the variance as calculated by principal component analysis (200 components).

The resulting source components (S) from each run were clustered using the Scikit-
learn implementation of the DBSCAN algorithm [73], with epsilon of 0.1, and minimum cluster
seed size of 128 samples (50% of the number of random restarts). DBSCAN does not require
predetermination of the number of clusters, and does not require that all points belong to a
cluster. The dimensionality of the dataset is therefore estimated by the number of clusters
calculated by DBSCAN. The components computed by FastICA are standardized by default,

with a mean of 0 and an L2-norm of 1. However, identical components from separate runs may
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have opposite signs. Therefore we used the following distance metric:

dpy=1- ’Px,y

where p, ,, is the Pearson correlation between components x and y. Each component in a cluster
was then inverted if necessary to ensure that the gene with the maximum absolute value in
the component had a positive weight, creating sign-consistent clusters. The final independent
components were defined as the centroid of each cluster in S, and the weightings were defined as
the centroid of their corresponding weighting vectors in A.

In order to ensure that the final components were consistent across multiple runs, we
computed the clustered components 100 times, and found that 92 components were identified in
every run (dg, < 0.1 between components), which were the final robust components used in the
analysis.

In order to confirm that the i-modulon structure was generally invariant to the composi-
tion of the expression compendium, we applied ICA to three subsets of PRECISE. The first subset
consisted of data published before January 2018 from unevolved E. coli (124 profiles), the second
subset consisted of all data published before January 2018 (168 profiles), and the third subset
consisted of all data published before January 2018, plus data created to test the i-modulon
structure (198 profiles). We compared the resulting components using the absolute value of
the Pearson correlation coefficient. The resulting network was graphed using the Graphviz [74]

python library (v0.9) (Figure ) Correlations below 0.5 were discarded as insignificant.

2.4.7 Determination of the gene coefficient threshold

Each component in S contains the contributions of each gene to the statistically inde-

pendent source of variation. Most of these values are near zero for a given component. In order
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to identify the most significant genes in each component, we modified the method proposed in
Frigyesi et al. [75]. For each component, we iteratively removed genes with the largest abso-
lute value and computed the D’Agostino K? test statistic for the resulting distribution. The
D’Agostino K? statistic is a measure of the skew and kurtosis of a sample distribution [76]. Once
the test statistic dropped below a cutoff, we designated the removed genes as significant.

To identify this cutoff, we performed a sensitivity analysis on the concordance between
significant genes in each component and known regulons. First, we isolated the 20 genes from
each component with the highest absolute gene coefficients. We then compared each gene set
against all known regulons using the two-sided Fisher’s Exact Test (FDR < 107°). For each
component with at least one significant enrichment, we selected the regulator with the lowest
p-value.

Next, we varied the D’Agostino K? test statistic from 200 through 1000 in increments
of 50, and computed the Fl-score (harmonic average between precision and recall) between each
component and its linked regulator. The maximum value of the average Fl-score across the
components with linked regulators occurred at a test statistic of cutoff of 550 (See Figure —
c).

Since each set of significant genes represents a set of independently modulated genes,
we henceforth refer to these gene sets as i-modulons. Since independent components have no
canonical direction, we inverted i-modulons (and related activities) such that the number of

positive genes in an i-modulon was always larger than the number of negative genes.
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2.4.8 Associating regulators to i-modulons

We compared the set of significant genes in each i-modulon to each regulon (defined
as the set of genes regulated by any given regulator) using the two-sided Fisher’s Exact Test
(FDR < 107%)). Additionally, combined regulon enrichments were calculated to identify joint
regulation of i-modulons (such as NtrC+RpoN and NagC/TyrR), using both intersection (+)
and union (/) of up to three regulons. Final i-modulon-regulator associations were determined

through manual curation of enriched regulators.

2.4.9 Cumulative explained variance for ICA

Components were initially ordered by the L2-norm (sum of squares) of for each row in the
A matrix for ICA. Cumulative explained variance was calculated for component K, as described

in the EEGLAB suite [77]:

K
TSS(X — Z skak)

CEV(K)=1-— S Sé@;“)

where
TSS(Y) = Z vl
i7j
and TSS(Y) is the total sum of squares, X is the original expression profile, si is column k in

the S matrix, and ay is row k in the A matrix.

2.4.10 Comparison of microarray data and PRECISE

We acquired the microarray compendium from the DREAMS5 network inference challenge
[10]. We removed expression profiles without biological replicates, and removed expression pro-

files with an R? score below 0.9 with its biological replicates. The final microarray compendium
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contained 4289 genes and 461 expression profiles. We then randomly selected ten subsets of
this compendium, each containing 154 unique conditions to mirror the composition of the PRE-
CISE compendium. We included all experimental replicates of these conditions, resulting in ten
datasets ranging between 255 to 289 total expression profiles. ICA was performed as described
above for all ten datasets.

The microarray dataset from a single research group was acquired from NCBI GEO Series
GSE6836 [26]. This dataset had similar size to PRECISE (266 experiments) to ensure compara-
bility. Microarray data was processed using the RMA R package [78] (v1.50). ICA was performed
as described above for both datasets. PCA determined that 148 components reconstructed 99% of
the variance in the microarray dataset, and 104 robust independent components were identified.

Sparse-PCA was performed using the elasticnet R package [79] (v1.1.1), searching for the
same number of components as with ICA (200 for PRECISE and 148 for microarray data), and
a vector of ones as thresholding parameters.

For the comparison figures, each set of components was randomly split into three groups
for 3-fold validation. For each training set, we selected the top 20 genes in each component
and assigned the regulon with the lowest p-value from Fisher’s exact test (FDR < 107%). If
no regulon contained significant p-values, the component was discarded. We then performed
sensitivity analysis for the test statistic cutoff using these regulon assignments, searching for the
test statistic value that maximized the F1l-score across the training set.

The test statistic trained on the training set was then applied to the testing set to calculate
the final validation i-modulons (i.e. significant genes). To assess the similarity between these i-
modulons and known regulation, we identified the regulon with the lowest p-value (FDR < 1079)

for each i-modulon in the test set. No manual curation was used to generate the comparison
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figure.

2.4.11 Differential activity analysis

We first computed the distribution of differences in i-modulon activities between biological
replicates, and then fit a log-normal distribution to each distribution. We confirmed that the
difference in activities between biological replicates followed a log-normal distribution for all
i-modulons using the Kolmogorov-Smirnov test and validating through quantile-quantile plots
(Figure [A.6[-f).

To test for differential activity of an i-modulon between two different conditions, we
first computed the average activity of the i-modulon between biological replicates, if available.
We then computed the absolute value of the difference in i-modulon activities between the two
conditions. This difference was compared against the log-normal distribution for the i-modulon
to calculate a p-value. I-modulons were designated as significant if the absolute value of their

activities was greater than 5, and FDR < 0.01.

2.4.12 I-modulon summation

We selected samples control__wt_glc__1 and control__wt_glc__2 to represent the wild-type
strain, and samples omics__bw_glc__1 and omics__bw_glc__2 to represent the mutated strains to be
corrected. The average activities between replicates were used for the corrections. The corrections
were applied to the BW25113 and Thiamine i-modulons.

The i-modulon decomposition is based on the equation

X =SA
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where

Xj =) Siti

7

for a particular expression profile x;, where ¢ represents an i-modulon. We aim to produce the
correction (x’2) to the expression profile (x2) with respect to a reference expression profile (x1)

for all differentially activated i-modulons i € I:
Xh = Xg — Z Si(ai2 —a;1)

where §; is a vector of zeros except for significant gene coefficients in i-modulon 4, and a; ; is the

activity of i-modulon ¢ under condition j.

2.4.13 Multiple strain RNA-seq processing and projection

Raw sequencing reads and transcriptome abundance were identified similar to as de-
scribed in the section above, using the following reference genomes: NC_000913.3 (MG1655
and BW25113), NC_007779.1 (W3110), NC_010468.1 (Crooks), NC_012971.2 (BL21(DE3)),
NC_009800.1 (HS), NZ_CP008957.1 (O157:H7 EDL933), and NC_004431.1 (CFT073). Genes
absent from a particular strain with respect to the reference strains (MG1655) were removed,
leaving 915 core genes. We calculated the log,(T'PM + 1) values using the same centering to
reference conditions (control__wt_glc__1 and control__wt_glc__2) as described above.

Thereafter, we calculated the i-modulon activities for the eight new FE. coli expression
profiles using the previously identified 92 independent components (including all gene coefficients
for the 915 conserved genes). We projected the eight new expression profiles (X’) onto the
previously computed basis (S):

A" = pinv(S)X'
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where A’ represents the i-modulon activities for the eight strains, and pinv is the pseudo-inverse

function. This represents the least-squares approximation of A.
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Chapter 3

Matrix factorization recovers
consistent regulatory signals from

disparate datasets

The availability of gene expression data has drastically increased in recent years. This
data deluge could result in detailed inference of underlying regulatory networks, but the diversity
of experimental platforms and protocols introduces critical biases that could hinder scalable anal-
ysis of existing data. Here, we show that the underlying structure of the E. coli transcriptome,
as determined by Independent Component Analysis (ICA), is conserved across multiple inde-
pendent datasets, including both RNA-seq and microarray datasets. We also show that echoes
of this structure remain in the proteome, accelerating biological discovery through multi-omics
analysis. We subsequently combined five transcriptomics datasets into a large compendium con-

taining over 800 expression profiles, and discovered that its underlying ICA-based structure was
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still comparable to that of the individual datasets. ICA thus enables deep analysis of disparate

data to uncover new insights that were not visible in the individual datasets.

3.1 Background

Publicly available datasets, such as the NCBI Gene Expression Omnibus (GEO)[1] and
Array Express [2], contain thousands of transcriptomics datasets that are often designed and
analyzed for a specific study. Historically, microarrays were the platform of choice for transcrip-
tomic interrogation. Over the past decade, usage of RNA sequencing (RNA-seq) has surpassed
microarrays due to its higher sensitivity and ability to detect new transcripts [3].

Multiple consortia have performed extensive comparisons of expression levels across differ-
ent microarray and RNA-seq platforms [46]. These studies showed that absolute gene expression
levels cannot be accurately measured by either expression profiling technique; however, with ap-
propriate quality controls in place, relative abundances are consistent across a wide range of
transcriptomics platforms. Unfortunately, integration of omics datasets are often complicated by
batch effects and technical heterogeneity, which are not easily corrected [7].

Differential expression analysis is the most common analytical method applied to tran-
scriptomics datasets. However, differential expression analysis is limited in dimensionality, inter-
pretability, and reproducibility; it can only be applied to pairs of experimental conditions, requires
additional analysis to interpret large swaths of differentially expressed genes [8, 9], and is highly
dependent on the quantification pipeline |10} [11]. Alternatively, machine learning methods, es-
pecially matrix factorization [12, |13|, have provided new tools for extracting low-dimensional
biological information from large omics data.

In particular, independent component analysis (ICA) has been shown to extract bio-
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logically significant gene sets from many transcriptomics datasets [14-19] and two proteomics
datasets [20]. ICA outperformed 42 module detection methods in a comprehensive examination
across b organisms [21]. Previously, we applied ICA to a high-quality E. coli gene expression com-
pendium to extract 92 independently-modulated groups of genes (called i-modulons). Of these 92
i-modulons, 61 exhibited high overlap with characterized regulons, and quantified the condition-
dependent activities of the linked transcriptional regulators. An additional 25 i-modulons were
linked to biological functions or genetic perturbations (leaving only 6 uncharacterized). These
i-modulons have provided clear biological explanations for transcriptional changes in significantly
perturbed cells |22, [23]. Other groups have successfully identified co-regulated gene sets using
ICA on human transcriptomic datasets |16} 19], but many independent components could not
be characterized, largely due to the high fraction of unknown human genes [24] compared to the
model bacterium E. coli [25].

A recent study showed that among dimensionality reduction methods, ICA produced
the most similar components across 14 independent cancer microarray datasets [26]. In this
study we aim to determine if consistent regulatory components can be identified in expression
datasets spanning disparate experimental conditions, and whether these components are robust
to dataset integration. Through analysis of five independent E. coli gene expression datasets
and two independent proteomics datasets, we identify a coherent structure without requiring
any batch normalization procedures. In addition, integrated analysis of the different datasets
demonstrated compelling evidence towards regulon discovery. These results present ICA as a

promising tool to integrate and understand the flood of omics data challenging scientists today.
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3.2 Results

3.2.1 ICA extracts i-modulons from five transcriptomic datasets

We compiled two RNA-seq and three microarray datasets, each using a different expres-
sion profiling technology or generated from a different research group (Table . Each dataset
was independently processed, centered, and decomposed with ICA (See Methods). This process
generated a set of independent components (ICs) for each dataset (Figure[3.1)). Each IC contains
a coefficient for every gene, although most gene coefficients were near zero for a given IC. To
understand the biological role of each IC, we selected genes with sufficiently non-zero coefficients
and refer to this set of genes as an i-modulon [27]. ICs, and their corresponding i-modulons,
represent the underlying structure of the transcriptome under any experimental condition in the
database. The condition-dependent dynamics of gene expression are captured by the activities
of the ICs (also referred to as i-modulon activities). In this study, we focused on the condition-
invariant structure of the transcriptome (i.e. ICs and their resultant i-modulons), to determine

if the structure is conserved across different expression profiling platforms.
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Table 3.1: Summary of transcriptomic datasets

Unique Total
Dataset Platform(s) Research Group  Samples Conditions Lmodulons
Illumina MiSeq,
(;{ggée%‘é) HiSeq, NextSeq  Bernhard Palsson 278 163 91
& GAIIX

Applied Biosystems Balasz Papp &

RNAseq-2 5500XL Genetic Csaba PAl 84 28 52
Analyzer
Affymetrix F. coli
MA-1 Antisense Genome  Timothy Gardner 260 115 103
Array
Affymetrix F. coli
MA-2 Antisense Genome  Bernhard Palsson 124 39 58
Array
Aff ix F. '
MA-3 ymetrix B coli g4 ord Palsson 56 20 32
Genome 2.0 Array
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Figure 3.1: Schematic illustration of the workflow applied to each data set.
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We categorized the resulting i-modulons from each dataset into four classes, based on
their gene content: (1) Regulatory, (2) Functional, (3) Genomic, and (4) Uncharacterized (Fig-
ure ,b). Prior work showed that i-modulons are highly consistent with known regulons, often
containing genes known to be regulated by a single transcriptional regulator (e.g. transcription
factor, sigma factor, or riboswitch). However, it has been observed that i-modulons may represent
combinations of multiple regulons |16, [27].

In this study, a Regulatory i-modulon was defined as an i-modulon that was statistically
enriched with a single regulon (Fisher’s exact test, FDR < 107°). Regulatory i-modulons were
named after the single transcriptional regulator whose targets provided the best overlap (See
Methods).

Functional i-modulons contained genes with highly similar functions, but lacked common
regulators. For example, three i-modulons were identified in MA-1, MA-2, and RNAseq-1, respec-
tively, that share 10 genes and were enriched in the gene ontology (GO) term “lipopolysaccharide
core region biosynthetic process” (Figure ) These i-modulons were named based on the GO
term with the lowest enrichment p-value (FDR < .01). This category also included i-modulons
composed of prophages with no known regulators. Functional i-modulons represent a compelling
opportunity for discovery of new transcriptional regulators [28].

Genomic i-modulons result from engineered overexpression or knock-out of one or more
genes. The activities of these i-modulons represent the presence of these genomic alterations, such
as large-scale duplications or deletions. These i-modulons can be useful to validate strain-specific
mutations or deletions [27] and successful plasmid transformations [29]. Genomic i-modulons
were categorized by reconciling i-modulon genes and activities with strain-specific genotypes.

The remaining Uncharacterized i-modulons could not be interpreted, either due to a high
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Figure 3.2: Characterization of i-modulons derived from five independent gene expression
datasets. (a)Descriptions of the three classes of characterized i-modulons. The first column
contains histograms illustrating the distribution of gene coefficients in each of three independent
components (ICs) from the RNAseq-1 dataset. Genes outside of a threshold (in red) belong to
an “i-modulon”. The second column illustrates the biological interpretation of the i-modulon
types. I-modulons are characterized by comparing their genes with known regulons, ontological
annotations, and genotypes. The third column displays the ICA-computed activity levels for the
selected ICs across all 278 conditions in the RNAseq-1 dataset.(b) Bar chart describing the four
types of i-modulons computed from each of the five gene expression datasets. (c) Comparison
of three Functional i-modulons, each derived from decomposition of a different dataset. Aster-
isks indicate genes annotated with the GO term “lipopolysaccharide core region biosynthetic
process”.

number of uncharacterized genes or the presence of seemingly unrelated genes. Uncharacterized
i-modulons may represent undiscovered regulons, noise, or other unwanted sources of variation
in the datasets.

The RNA-seq datasets produced the highest fraction of characterized i-modulons; only

9% of i-modulons in RNAseq-1, and 21% of i-modulons in RNAseq-2 were Uncharacterized. In
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contrast, we were unable to characterize 31%, 41%, and 50% of the i-modulons derived from the
microarray compendia (MA-1, MA-2, and MA-3, respectively). The lowest fraction of meaningful

i-modulons was observed in MA-3, which also contained the fewest samples and unique conditions.

3.2.2 I-modulon structure is conserved across transcriptomic datasets

Each of the five transcriptomic datasets were created using different technologies or gen-
erated by different research groups, spanning fifteen years (2004-2019). In addition, each dataset
contained vastly different experimental conditions and genotypes, such as overexpressed cellular
division proteins in the MA-1 dataset, different nutritional supplements in the RN Aseq-1 dataset,
or evolved endpoints resistant to antibiotics in the RNAseq-2 dataset. Although the presence
of different conditions in each dataset complicate the identification of consistent i-modulons,
many of the i-modulons generated from the five datasets unexpectedly shared similar genes and
annotations, as demonstrated by the lipopolysaccharide i-modulon discussed above (Figure )

To assess the reproducible nature of i-modulons, we compared all i-modulons found in
each dataset using a Reciprocal Best Hit (RBH) graph [26] (Figure [.3h). In the RBH graph,
each node represents an i-modulon, and nodes are connected when i-modulons from two different
datasets find each other as the best scoring i-modulon in the other dataset [30]. I-modulons
were scored by the absolute correlation between the gene coefficients in their respective ICs. For
clarity, edges with low scores were removed from the graph (See methods, Figure .

Of the 336 i-modulons identified across all five datasets, 151 i-modulons (45%) were
linked to an i-modulon in another dataset, as shown in Figure 3.3h. Of these 151 reproducible
i-modulons, 110 (73%) were classified as Regulatory (Figure[3.3p). Only one Genomic i-modulon

was matched to an i-modulon from another dataset. This i-modulon captured the transcriptomic
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Figure 3.3: The i-modulon structure is conserved across five datasets. (a) Reciprocal best
hit (RBH) graph indicating i-modulons as nodes and RBHs as edges. Node color indicates the
source dataset for the i-modulon, as denoted for the RpoS i-modulon. Node shape indicates the
i-modulon category. Edge thickness and darkness indicate the gene coefficient similarity. Clusters
are labelled with the regulator(s) that are linked to the i-modulons in the cluster, if available,
and grouped by level of i-modulon reproducibility. (b) Pie chart describing the categories of all
i-modulons shown in the RBH graph. (c) Pie chart describing the types of edges in the RBH
graph. (d) Heatmap indicating how many i-modulons from each dataset and category were in
the RBH graph.

effects of a genomic duplication that occurred during an adaptive laboratory evolution .
This Genomic i-modulon was linked to an i-modulon in the MA-2 dataset that was activated for
strains evolved under a different selection pressure (Figure ,b). Although the strains
in the MA-2 dataset were not resequenced, the i-modulon gene coefficients indicate that these
strains likely acquired an identical duplication along their evolutionary trajectory (Figure [C.2f).

This example showed how analysis of historical data with new context can create new knowledge.
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Of the 166 connections found between i-modulons, 133 (80%) were between two Regula-
tory i-modulons, and 116 of these 133 edges (87%) connected i-modulons enriched in the same
regulator (Figure ) Across all five datasets, Regulatory i-modulons were the most repro-
ducible category (Figure ) The lowest fraction of reproducible Regulatory i-modulons was
observed in the RNAseq-1 dataset, likely due to the activation of niche transcription factors that
are only active under specific environmental conditions.

Many i-modulons in the RBH graph separated into well-defined clusters, each linking at
most one i-modulon from each dataset. I-modulons in a cluster were often linked to the same
regulator, as labelled below each cluster. However, some clusters exhibited irregular connectivity,
the largest of which contained i-modulons linked to either of the nitrate response regulators Fnr
and NarL. Cellular respiration is regulated by a complex combination of highly interconnected
transcription factors [33], indicating that these i-modulons may represent combined effects of
regulators. Each dataset contains a different set of conditions, which can activate different
groups of respiration-related genes leading to different co-expression patterns between datasets
(Figure [C.3).

The RBH graph contained five highly-connected clusters, each containing one i-modulon
from each of the five datasets. Three of these clusters were enriched with genes from a single regu-
lon: CysB, RpoS, and Fur. The other two clusters contained i-modulons enriched with genes reg-
ulated by closely-related transcriptional regulators. The i-modulons in one cluster were enriched
with genes regulated by the motility-related regulators FliA and FIhDC, and the i-modulons in
other cluster were enriched with genes regulated by the acid stress response transcription factors
GadW and GadX.

The IC gene coefficients for the i-modulons within a cluster were highly correlated, indi-
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cating that the genes in the i-modulons were modulated at similar ratios across all five datasets,
regardless of expression profiling platform. This correlation was demonstrated by the i-modulons
in the CysB i-modulon cluster (Figure ) CysB is a transcription factor that regulates cys-
teine biosynthesis [34]. The IC gene coefficient similarities between i-modulons in the CysB
cluster were above 0.5, except for comparisons involving the CysB i-modulon from the MA-3
dataset. On average, this CysB i-modulon captured 79% of the genes in the CysB i-modulons
from other datasets, but contained an additional 71 genes that were absent from any other CysB
i-modulon. Many of these genes were involved in the biosynthesis of other amino acids, and were
present in different i-modulons in the other datasets. In fact, the MA-3 CysB i-modulon can be

approximated (R? = 0.47) by a linear combination of 10 i-modulons from the RNAseq-1 dataset

(Figure 3.4p).

3.2.3 ICA finds similar structures in the proteome

Since the i-modulon structure was highly consistent across transcriptomics datasets, we
asked whether shadows of the transcriptional regulatory program could be observed in the pro-
teome. Thus, we performed the extended ICA algorithm on two high-quality proteomics datasets
from two independent research groups [35, 36]. The Proteomics-1 dataset had higher gene cover-
age (Figure ) across 22 experimental conditions whereas the Proteomics-2 dataset included
more conditions.

The Proteomics-1 dataset produced 19 i-modulons, whereas the Proteomics-2 dataset
produced 22 i-modulons (Figure . Ten of 19 i-modulons from the Proteomics-1 dataset and
eight of 22 i-modulons from the Proteomics-2 dataset were linked to an i-modulon from the

RNAseg-1 dataset using the RBH method, and two pairs of i-modulons were linked between the
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Figure 3.4: Comparison of IC gene coefficients for i-modulons enriched with genes in the CysB
regulon. (a) Scatter plot between IC gene coefficients for CysB-linked i-modulons across all five
datasets. Genes in the published CysB regulon are colored in red. For comparisons in the first
column involving the MA-3 dataset, genes regulated by any of the following regulators are colored
in blue: MetJ, TrpR, GIpR, ArgR, Lrp, CysB, leu-tRNA-mediated transcriptional attenuation,
or thiamine riboswitch. All other genes are black. Dashed lines indicate i-modulon thresholds.
Gray solid lines indicate the 45 degree line of equal gene coefficients. (b) Scatter plot between
1C gene coefficients for the CysB i-modulon in MA-3 compared to a linear combination of 10 ICs
from RNAseg-1. Color scheme is identical to panel (a).

proteomics datasets (Figure ) We note that most i-modulons from the proteomics datasets
were Uncharacterized, likely due to the intrinsically lower coverage and smaller sizes of the
datasets.

One pair of Uncharacterized i-modulons were independently detected in the RNAseq-
1 dataset and the Proteomics-1 dataset (Figure ) Due to the lower gene coverage in

the Proteomics-1 dataset, we investigated the genes in the relevant RNAseqg-1 i-modulon (Fig-
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ure ), which were mostly localized in the periplasm and inner membrane. To gain a better
understanding of these i-modulons, we inspected the i-modulon activities in both datasets and
found high activity under osmotic stress and in laboratory evolution strains (Figure ,e). In
addition, many genes in this i-modulon had been identified in two prior studies as genes up-
regulated by ResC [37], or upregulated in response to beta-lactam antibiotics [38]. ResC is a
histidine kinase in the Res phosphorelay system that responds to envelope stress [38]. Therefore,
we propose that all the genes in this i-modulon are co-regulated by a transcription factor related
to the Res system that may currently be uncharacterized. This represents a clear potential for

discovery.
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Figure 3.5: ICA elucidates similar structures in the E. coli transcriptome and proteome. (a)
Bar chart showing the types of i-modulons extracted from two independent proteomic datasets.
(b) RBH graph between i-modulons from two proteomics datasets and the RNAseq-1 i-modulons.
(c) Genes in the RNAseq-1 i-modulon that was also detected in the Proteomics-1 dataset (d)
Activity of the Uncharacterized i-modulon illustrated in panel (c). (e) Activity of the Proteomics-
2 i-modulon linked to the RNAseq-1 i-modulon illustrated in panel (c) (f) Activity levels of an
Uncharacterized i-modulon in the Proteomics-1 dataset. (g) Scatter plot between IC protein
coefficients for the i-modulon described in panel (f) compared to a linear combination of 10 ICs
from RNAseg-1. Black lines indicate zero IC gene coefficients, and gray line indicates 45 degree
line.
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It is important to note that the IC gene coefficient similarities in the RBH graph between
the proteomics and the RNAseq-1 dataset were lower than the gene coefficient similarities in
the transcriptomic RBH graph (Mann-Whitney U Test, p-value = 0.005). Although some of
this deviation may be due to differences between relative abundances between transcripts and
proteins, the small sample sizes of the proteomics datasets resulted in i-modulon coalescence
as previously described with the MA-3 CysB i-modulon. In particular, one Uncharacterized i-
modulon from the Proteomics-1 dataset was only active under two media conditions: LB rich
media, and Glycerol M9 media supplemented with amino acids (Figure ) This proteomic
i-modulon can be loosely approximated (R? = 0.33) by a linear combination of 10 RNAseq-1 i-
modulons, (Figure[3.5) related to amino acid biosynthesis and catabolite repression. Six of these
i-modulons coincide with the 10 RNAseq-1 i-modulons comprising the MA-3 CysB i-modulon.

Due to the lower coverage of genes and low number of conditions in the proteomics
datasets, it is not currently possible to conclusively state that the i-modulon structure is conserved
between proteomics and transcriptomics datasets, but this section provides evidence that a similar

structure may exist.

3.2.4 Data integration reveals increased resolution and novel insights

I-modulons are a linear approximation of the structure underlying each omics dataset
analyzed in this study. Since elements of this structure were highly consistent across the five
transcriptomics datasets, we combined the datasets together to explore whether ICA would

identify a similar structure in the combined compendium, which contained 802 expression profiles

(Figure [3.6p).
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Figure 3.6: Decomposition of combined compendium results in increased resolution. (a)
Schematic illustration of data integration. (b) Pie chart showing the categories of the 181 i-
modulons from the combined dataset. (c) Heatmap illustrating which i-modulons from the com-
bined compendium were matched to i-modulons in individual datasets using the RBH method.
The total number of matches for each i-modulon is shown in blue. Category of each i-modulon
is shown below. (d) Heatmap illustrating how many i-modulons from each category and dataset
were matched to an i-modulon in the full dataset using the RBH method. (e) Overlap between
genes in an Uncharacterized i-modulon from the combined compendium and genes upregulated
by ppGpp binding to RNA Polymerase. (f) Boxplot of the Central Dogma i-modulon activities
for expression profiles in the RNAseq-1 dataset. (g) Principal component loadings of the com-
bined compendium expression levels without batch correction (h) Principal component loadings
of the i-modulon activities from the combined compendium.
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We extracted 181 i-modulons from the combined compendium, and characterized them as
described previously (Figure ) The majority of i-modulons from this combined compendium
(60%) were enriched with targets of a known transcriptional regulator. To understand the effects
of dataset integration, we compared the ICs obtained from the combined compendium to the ICs
found in the original independent datasets using the RBH method.

First, we asked whether the i-modulons identified in the original datasets were retained
upon data integration. From the RBH graph, 75% of the 181 i-modulons in the combined
compendium could be directly linked back to at least one i-modulon derived from an individual
dataset, many of which were linked to i-modulons from two or more datasets (Figure ) The
two datasets with the largest number of unique conditions, (RNAseq-1 and MA-1) contained
the most uniquely mapped i-modulons, as these datasets were more likely to activate niche
transcriptional regulators.

We next investigated the properties of i-modulons that were not retained upon data inte-
gration. Nearly all of the 92 i-modulons that did not appear in the RBH graph were categorized
as either Genomic or Uncharacterized (Figure [3.6d). Half of the lost i-modulons were Genomic
i-modulons from the MA-1 dataset, which comprised mainly of expression profiles from single
gene knock-outs. The i-modulons that were not retained upon data integration each account
for a significantly lower fraction of expression variance than an i-modulon that was retained
(Mann-Whitney-U Test p-value < 1072, Figure ) This analysis indicated that the missing
i-modulons represent weak signals, or potentially expression noise, that lose their ability to be
detected in the presence of stronger signals.

Additionally, 44 i-modulons in the combined compendium could not be traced back to

the i-modulons from the individual datasets. Of these new 44 i-modulons, 21 represented the
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effects of transcriptional regulators that could not be independently discriminated in any of the
individual datasets alone (Figure ), and 12 were dominated by a single gene (Figure )
A previous study showed that over-decomposition of a transcriptomic dataset results in smaller
groups of genes found in each i-modulon, but does not affect the biological relevance of other
i-modulons [39].

One Uncharacterized i-modulon in the combined compendium was linked back to four of
the five individual datasets. These four i-modulons created the only uncharacterized cluster in
Figure [3.3p. Although this i-modulon was not enriched in any GO term, it contained many genes
encoding functions related to the central dogma of molecular biology, such as rRNA and tRNA
modification, RNases, and helicases (Figure ) We henceforth refer to this i-modulon as the
“Central Dogma” i-modulon. 63% of genes in this i-modulon are not known to be regulated by
any transcription factor, and the remaining genes are not enriched in any regulator either.

A recent study found that binding of ppGpp, the stringent response alarmone [40], to
RNAP directly upregulated 428 genes [41], including 48 of the 54 genes in Central Dogma i-
modulon (Figure ) Previously, we have investigated the effects of a point mutation in
RpoB, the § subunit of RNAP, which results in increased growth and decreased expression of
stress-response genes |27}, 42]. Expression profiles for the RpoB E672K mutant strain produce a
distinctly higher activity for the Central Dogma i-modulon than any other condition or strain in
the RNAseq-1 dataset (Figure ), providing evidence that the RpoB E672K mutation affects
ppGpp binding to RNAP, even though the mutation occurs over 25 A from the binding site.

Next, we investigated whether dataset integration could change the quality of the Regula-
tory i-modulons. Since a Regulatory i-modulon consists of genes in a known regulon, the quality

of a Regulatory i-modulon can be assessed using the Fl-score, which is the harmonic mean of

76



precision and recall of the i-modulon compared to the regulon (Figure ) We inspected all
Regulatory i-modulons that were found in both an individual dataset and the combined com-
pendium, and found that the average F1-score increased from 0.54 to 0.59 (Wilcoxon Rank Sum
p-value = 107°) (Figure ) This result showed that on average, Regulatory i-modulons
from the combined compendium were more similar to the previously known regulons than the
Regulatory i-modulons from individual datasets.

Finally, we checked whether the i-modulon activities were affected by dataset integration.
When we apply ICA to an expression profiling dataset, we obtain the S matrix, encoding the
i-modulon structure, and an A matrix, which contains activity levels for each i-modulon across
every expression profile (Figure and Figure ) I-modulon activities reflect the overall
change in expression of the i-modulon genes, and serve as a proxy for transcription factor activities
[23]. Therefore, it is important to ensure that the relative i-modulon activities are unchanged
upon dataset integration. The absolute Pearson R correlation coefficient between the i-modulon
activities of linked components showed that most i-modulon activities are mostly unchanged upon
dataset integration (Figure ) However, principal component analysis of the full expression
compendium (Figure [3.6g) and i-modulon activities (Figure [3.6h) illustrated a clear batch effect
between platforms. Therefore i-modulon activities cannot be compared across datasets, but can

still reliably be compared within the same dataset.

3.3 Discussion

Matrix decomposition is a powerful approach to extract knowledge from large transcrip-
tomics datasets. In particular, we have shown that ICA identifies highly similar structures

between dissimilar datasets for the model bacteria E. coli. In addition, a combined compendium
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produced many identical i-modulons as the individual datasets, and could distinguish further
signals that could not be identified in the separate datasets. The i-modulons derived from the
compendium can be applied to interpret new datasets, accelerating discovery and providing a
standard framework that could be used to investigate any transcriptional regulator. Through-
out this study, we observed various properties of the i-modulon decompositions: (1) i-modulons
co-occurring in multiple datasets tend to represent the effects of transcriptional regulators, (2)
i-modulon detection from a dataset is dependent on the experimental conditions used to gen-
erate it, (3) transcriptomic and proteomic i-modulons are surprisingly similar, (4) ICA can be
applied to cross-platform transcriptomic compendia without the need for normalization, and (5)
integration of data sets reveals i-modulons not found in individual data sets.

In all five transcriptomic E. coli datasets, most i-modulons could be characterized as
representing the effects of a transcriptional regulator or a gene knock-out (i.e. Regulatory or
Genomic). However, when extending to less-characterized organisms, it could be difficult to
determine whether the remaining i-modulons are technical artifacts or contain true biological
insight, as demonstrated by the Central Dogma i-modulon. This example demonstrates that if
an i-modulon is identified in multiple datasets, or if an i-modulon persists upon addition of new
datasets, then it could represent a true transcriptional signal.

Another important note is that the i-modulons extracted from each dataset are sensitive to
the experimental conditions that are represented in the dataset; ICA cannot extract an i-modulon
for a transcription factor whose activity never changes. Additionally, the CysB i-modulons
demonstrated that i-modulons may represent the effects of multiple regulators, when the activities
of the regulators are highly correlated across the measured conditions. However, adding new data

or increasing the dimensionality of the decomposition can decouple the regulators, splitting the
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i-modulon into its biological parts |27} |39].

Therefore, an important design decision for omics compendia is to ensure enough diverse
conditions such that each transcriptional regulator has its own i-modulon. However, once a
compendium reaches a critical size, over-decomposition of the compendium may result in smaller,
less-relevant i-modulons, such as i-modulons that track the expression of a single gene. The
optimal dimensionality of the transcriptome is an open question that has been investigated |39,
43|, but warrants further attention in the context of prokaryotic transcriptomes and proteomes.

In contrast to the condition-invariant i-modulon structure, i-modulon activities represent
the condition-dependent dynamics of expression profiles. In this study, we do not apply any
normalization techniques to the data and clearly observe batch effects in the activity matrix
for the combined compendium. Further work comparing identical experimental conditions from
separate protocols is required to enable i-modulon activity comparisons across datasets.

We have shown that the E. coli transcriptome contains a conserved, underlying structure
that is found across multiple independent datasets and extends into the proteome. This powerful
observation enables unprecedented re-analyses of thousands of previously published datasets and

demonstrates how data science can unlock hidden potential in complex biological datasets.

3.4 Methods

3.4.1 RNA-seq and microarray data processing

The full, log-transformed transcripts-per-million (log-TPM) for the RNAseq-1 dataset [27]
was obtained from https://github.com/SBRG /precise-db. Raw data comprising the RNAseq-

2 compendium were obtained from NCBI SRA under the Bioproject accession number PR-
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JNA379428 [44]. Raw data was processed using as described in Sastry et al. [27].

CEL files were obtained for the three microarray datasets from NCBI GEO [1]. In order
to build large enough datasets for analysis, datasets MA-2 and MA-3 included all public data
available from our research group that used the same expression platform. Each microarray
dataset was normalized using robust multichip average (RMA) with default arguments from the
R package affy|45].

As the probes in microarrays may vary across platforms, only genes that were measured
in all 5 datasets (3880 genes) were included in the analysis. Low quality expression profiles that
clustered separately from the rest of the dataset were removed from the MA-1 and MA-2 datasets.
Each dataset was individually centered by subtracting the average expression profile across the
replicates of a dataset-specific reference condition. To create the combined compendium, the
centered datasets were concatenated, without any additional normalization.

Only genes measured in all five datasets were retained, resulting in 3880 genes per dataset.
Gene names, b-numbers, operons, and descriptions were obtained from Ecocyc [46]. Clusters
of orthologous group (COG) annotations were obtained from eggNOG 4.5.1 [47]. Additional
annotations were obtained from Gene Ontology [48]. The transcriptional regulatory network
(TRN) for transcription factors, small RNAs, and sigma factors was obtained from RegulonDB
v10.0 [49], and supplemented with newly identified regulons from recent publications [27, [2§].
Riboswitches, tRNA-mediated attenuation, and dksA binding sites were obtained from Ecocyc
[46], and UTP/CTP-dependent attenuation and reiterative transcription were obtained from

Turnbough and Switzer [50].
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3.4.2 Proteomics data processing

Processed data for the Proteomics-1 dataset was acquired from Schmidt et al. [35], using
the values reported for protein copies per cell. Only genes with measurements across all samples
were retained, resulting in 2058 genes. Processed data for the Proteomics-2 dataset was acquired
from Heckmann et al. [36], and augmented with additional samples for growth on different carbon
sources that were acquired as described in Heckmann et al. [36]. Protein abundance estimation is
described in Heckmann et al. [36]; in short, the top3 metric[51} 52] was calibrated using the UPS2
standard to obtain protein amount loaded based on the average of three technical replicates per
sample. For each strain, two biological replicates were profiled and abundances were averaged

before conducting ICA.

3.4.3 Independent Component Analysis

ICA decomposes a matrix (X) into two matrices: S contains the independent signals, or

structure, of the dataset, and A contains the condition-dependent activities of the signals:

X =SA

ICA was performed on each individual dataset and the combined compendium, as de-
scribed in Sastry et al.[27]. Briefly, we executed FastICA 100 times with random seeds and a
convergence tolerance of 1076 for RNA-seq data, and a convergence tolerance of 10~7 for pro-
teomics data. We constrained the number of independent components (ICs) in each iteration
to the number of components that reconstruct 99% of the variance as calculated by principal
component analysis. The resulting ICs were clustered using DBSCAN to identify robust ICs,

with parameters with epsilon of 0.1, and minimum cluster seed size of 50. This process was
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repeated 10 times, and only ICs that consistently occurred in all runs were kept.

As described in Sastry et al.[27], i-modulons were extracted from ICs by iteratively re-
moving genes with the largest absolute value and computing the D’Agostino K? test statistic of
the resulting distribution. Once the test statistic fell below a cutoff, we designated the removed
genes as the “i-modulon”.

To identify this cutoff for each individual dataset, we performed a sensitivity analysis on
the concordance between significant genes in each IC and all known regulons. First, we isolated
the 20 genes from each IC with the highest absolute gene coefficients. We then compared each
gene set against all known regulons using the one-sided Fisher’s Exact Test (FDR < 107°). For
each component with at least one significant enrichment, we selected the regulator with the lowest
p-value.

Next, we varied the D’Agostino K? test statistic from 200 through 1000 in increments of
50. Using the protocol defined above, i-modulons were extracted from ICs at each test statistic
value, and the F1-score (harmonic average between precision and recall) was computed between
the significant genes and its linked regulator. The test statistic with the maximum F1-score was
used as the test statistic cutoff for the respective dataset.

The above methods were also used for the proteomics datasets. The TRN and GO terms
were trimmed to only include proteomics genes, and the FDR for Fisher’s Exact Test was lowered

to 1073 to account for the lower protein coverage.

3.4.4 Characterizing i-modulons

We compared the set of significant genes in each i-modulon to each regulon (defined as

the set of genes regulated by any given regulator) using the one-sided Fisher’s Exact Test (FDR
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< 107° for transcriptomic i-modulons, and FDR < 1073 for proteomic i-modulons). We then
compared the significant genes in each i-modulon to the genes in each Gene Ontology (GO)
term using the one-sided Fisher’s Exact Test (FDR < .01). We added prophage information
from Ecocyc to our GO database to capture i-modulons representing prophages. In general,
the final annotation was selected by the enrichment with the lowest g-value. Some i-modulon
annotations were manually curated. Genomic i-modulons were also manually curated by (1)
comparing i-modulon genes to known genetic alterations (e.g. knock-outs or overexpression),
and (2) validating that the i-modulon activities were affected in the appropriate direction for the

corresponding strain.

3.4.5 Comparing i-modulon structures

To compare the complete structure of the transcriptomic datasets, we constructed the
reciprocal best hit (RBH) graphs using the full IC gene coefficients, rather than just the i-modulon
genes. We generated the RBH graph as described in Cantini et al. 2019 [26], using the following

distance metric to compare ICs:

dpy =1-— ’Pw,y

where p, , is the Pearson correlation between components x and y.
We pruned all RBHs to remove links between ICs with similarities below 0.3. The full

graph is shown in Figure The RBH graph was plotted using GraphViz [53].

3.4.6 Linear regression of i-modulons

Regression of the MA-3 CysB i-modulon and the Proteomics-1 i-modulon were performed

using the LinearRegression function from Scikit-learn|54]. The ten ICs from the RNAseq-1
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dataset with the highest absolute IC gene correlations with each of the CysB i-modulon and

Proteomics-1 i-modulon were selected as regression variables for their respective regressions.
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Chapter 4

Decomposition of transcriptional
responses provides insights into

differential antibiotic susceptibility

Responses of bacteria to antibiotic treatments depend on their environment. Differences
between in wvitro testing conditions and the physiological environments inside patients have re-
sulted in poor antibiotic susceptibility predictions, contributing to treatment failures in the clinic.
Here, we investigate how media composition affects antibiotic susceptibility, and contextualize
these changes through machine learning of transcriptomics data. We show that complex tran-
scriptional changes induced by different media or antibiotic treatment can be traced back to a
few key regulators. Integration of results from machine learning with biochemical knowledge
reveals fundamental shifts in respiration and iron availability that may explain media-dependent

differential susceptibility to antibiotics. The data generation and analytical workflow used here
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can interrogate the regulatory state of a pathogen under any condition, and can be extended to

additional strains and organisms for which data is available.

4.1 Background

Antibiotic activities are highly dependent on environmental conditions. Factors such
as metabolites, buffering systems, immune components, and the presence of other antibiotics
can drastically alter their activities against bacteria, as measured by changes in their minimum
inhibitory concentrations (MIC) [1-5]. Despite these dependencies, standardized antibiotic sus-
ceptibility testing (AST) is performed in bacteriological media such as Cation-Adjusted Mueller
Hinton Broth (CA-MHB) which poorly recapitulates the in vivo conditions of the host [5]. AST
in tissue culture media (e.g. RPMI, DMEM) more closely mimics physiological conditions and
may be a better predictor of in vivo efficacy [5, [6]. Using transcriptomic data, we sought to
understand the drivers of differential antibiotic susceptibility in these media conditions.

Prior studies have demonstrated the utility of systems analysis in global metabolic re-
sponses to antibiotic treatment using various omics measurements |7, |8]. Previously, we published
a high-quality transcriptomic compendium for Escherichia coli, named PRECISE, containing 278
expression profiles [9]. Using independent component analysis (ICA), a machine learning method
developed to separate mixed signals, we decomposed PRECISE into 92 independently modulated
groups of genes, or i-modulons. Since most i-modulons exhibited high overlap with previously re-
ported regulons, we named the i-modulons after their common regulator(s). ICA simultaneously
computes activities for each i-modulon across every condition in the expression compendium,
which predictably reflect the activity state of the enriched regulators.

I-modulon activities have been used to infer the cellular state beyond the transcriptome.
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In one case, adaptive laboratory evolution of E. coli in excess iron conditions resulted in multiple
mutations in the oxidative stress response regulator OxyR [10]. In each of these strains the SOS-
response regulator LexA was no longer activated by hydrogen peroxide treatment, indicating
that the mutations reduced DNA damage from reactive oxygen species through constitutive
activation of OxyR. I-modulon activities related to the ferric uptake regulator Fur have also
provided information on the intracellular iron concentration |11} 12].

In the present study, we demonstrate the utility of an ICA-based workflow in decomposing
the transcriptomic responses to antibiotics in the F. coli K-12 laboratory strain MG1655. First,
we show that the MIC of E. coli differs across three media compositions: (1) glucose M9 minimal
media, a standard media for scientific discovery; (2) cation adjusted mueller hinton broth, the
standard rich media for antibiotic susceptibility testing, and (3) RPMI 1640 with 10% LB, a
rich media that mimics physiological conditions. We then measured the expression profiles of
E. coli on the three media and identified key transcriptomic differences through ICA. Finally,
we examined the expression profiles of E. coli after treatment with subinhibitory concentrations
of antibiotics and used ICA to infer a deceleration of respiration in rich media. Overall, this
work provides a promising avenue for interrogating the effects of antibiotic treatment in different

environmental conditions.

4.2 Results

4.2.1 Antibiotic efficacy varies across media compositions

Antibiotic activities vary across media compositions We examined the MICs of nine an-

tibiotics, ranging in drug class and mechanism of action, on glucose M9 minimal media (M9),
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RPMI 1640 + 10% LB (R10LB) and cation-adjusted Mueller Hinton Broth (CA-MHB) (Table
1). Based on their activity profiles, we selected four antibiotics for further analysis: the beta-
lactams Ceftriaxone (CTR) and Meropenem (MEM), the fluoroquinolone ciprofloxacin (CIP) ,
and the sulfonamide combination trimethoprim-sulfamethoxazole (T/S). Ceftriaxone and T/S
had identical MICs in the rich media (CA-MHB and R10LB) and a lower MIC in M9. The other
two antibiotics exhibited opposite susceptibility patterns across the three media types; as the

lowest MICs for ciprofloxacin were in R10LB and in CA-MHB for meropenem.

Table 4.1: MIC of nine antibiotics on three media. Antibiotics in bold were selected for further
analysis.

Drug Information MIC (ug/mL)
Drug Class Target Process M9 RI1OLB CA-MHB
Ampicillin (AMP) Penicillin Cell Wall >16 256 64
Ceftriaxone (CTR) Cephalosporin Cell Wall 0.016 0.25 0.25
Ciprofloxacin (CIP) Quinolone DNA Gyrase 0.008 0.004 0.016
Fosfomycin Fosfomycin Cell Wall 64 >64 16
Meropenem (MEM) Carbapenem Cell Wall 0.031 0.13 0.016
Nitrofurantoin Furan Multiple 128 >512 256
Plazomicin Aminoglycoside  30S Inhibitor 0.13 0.13 0.25
Rifampicin Rifampin Transcription 8 16
Trimethoprim- Pyrimidine/ Folate
sulfamethoxazole Sulfa Synthesis 0.016  0.125 0.125

The MICs were measured in 96-well plates using an inoculum density of 10> CFU/mL, as
recommended by the Clinical and Laboratory Standards Institute (CLSI). For RNA-sequencing,
we required a significantly higher cell density (~ 5% 107 CFU/mL) to collect enough mRNA for
sequencing. Since antibiotic activity can be diluted at higher cell densities, we determined the
minimum bactericidal concentration (MBC) in each media type for the targeted antibiotics at the
same culture density that was used for the mRNA isolations (Figure [4.1h). In most conditions,

the MBC was higher than the selected MICs. We therefore measured the change in MIC at
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RNA-seq densities, and found that the MICs were increased up to 8-fold at higher densities

(Figure [4.1p).
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4.2.2 A few mechanisms can explain large transcriptomic perturbations

We first performed RNA-seq on the untreated strains grown in M9, R10LB, and CA-MHB
to understand how E. coli responds to different media without antibiotic treatment. Pairwise
differential expression analysis of the three growth conditions identified up to 1145 differentially
expressed genes (DEGs) between growth conditions, comprising one quarter of all genes in E. coli
(Figure la). The DEGs spanned every Cluster of Orthologous Gene (COG) category, with
no known function for 21% of all DEGs. Rich media (R10LB and CA-MHB) induced similar
transcriptional responses, as 713 genes were commonly differentially expressed in either rich
media when compared to M9 minimal media.

The acquired RNA-seq data was compared to a previously published high-quality com-
pendium containing 278 E. coli expression profiles, named PRECISE, to contextualize the tran-
scriptional response to the three media types [9]. Principal component analysis (PCA) of the
combined dataset showed that CA-MHB and R10LB produced responses that were significantly
different than the previously probed conditions in PRECISE, including growth on LB media with-
out RPMI (Figure [4.2p). On the other hand, the expression levels on M9 minimal media were
highly similar to expression levels on an identical condition produced five years ago (R? = 0.85)
[13], highlighting the internal consistency of this dataset. The older expression profile grown on
glucose minimal media serves as the reference condition, to which all gene expression levels are
compared.

We previously showed that independent component analysis (ICA) can be applied to
large RNA-seq datasets to extract independently modulated sets of genes, termed i-modulons,
and their condition-specific activities [9]. I-modulons exhibit high overlap with classically-defined

regulons, which allows us to directly associate i-modulons to one or more known transcriptional
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Figure 4.2: Global comparative analysis of the E. coli transcriptome across three media com-
positions. (a) Differentially expressed genes across COG categories between three media com-
positions. (b) Top two principal component loadings for the PRECISE dataset, comprised of
279 RNA-seq profiles @ﬂ, combined with the data generated in this study. (c-f) Proportion of
expression deviation explained by 8 groups of i-modulons. I-modulons in each group are shown

Confounded Variance

Other i-modulons

Confounded Variance

in Figure 3 and Figure S1. Percentages are shown when above 3%.

regulators. Unlike many module detection methods , ICA also computes activity levels for

each i-modulon across all expression profiles, indicating the activity level of the linked regulator

under each specific condition.
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We applied ICA to PRECISE combined with 30 new RNA-seq datasets to form a com-
pendium of 308 profiles and identified 98 i-modulons, of which 88 were nearly identical to
i-modulons extracted from the original PRECISE dataset of 278 profiles [9]. On average, i-
modulons could explain 81% of the difference in expression between each pair of media conditions
(Figure —e). Borrowing from multiple linear regression, we also calculated how much of the

expression deviation could be directly explained by each i-modulon (See Methods).

4.2.3 Transcriptional markers of ‘greedy’ growth in rich media

The major source of expression variation between either rich media and minimal media
was explained by the ‘fear-greed’ tradeoff [9] (Figure ) This trade-off is between fast growth
(i.e. ‘greed’) and high stress response readiness (i.e. ‘fear’). In rich media, cells are significantly
less stressed by their environment, leading to a strong decrease in the activity level of stress-
related i-modulons, such as RpoS and the GadEWX acid-response system [15]. In turn, this
frees cellular resources that can be allocated to promote growth, as indicated by the increases
in activity levels of i-modulons encoding genes related to translation and the central dogma
of molecular biology. These two processes are molecularly linked through ppGpp, the stress
alarmone, which binds to RNA polymerase to wobble the transcriptome [16]. The i-modulon
activities under rich media are similar to the i-modulon activities of an RpoB mutant acquired
during adaptive laboratory evolution on glucose minimal media [17], which is hypothesized to
affect the ppGpp binding site on RNA polymerase.

R10LB contains glucose in its formulation, but surprisingly shows high transcriptomic
similarities to glucose-starved media (Figure ) The cAMP receptor protein, CRP, is activated

when glucose is absent from the media, recruiting RNA polymerase to genes encoding catabolic
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pathways for alternative carbon sources. Although it is known that CA-MHB does not contain
glucose, some of its CRP-related i-modulon activities are closer to M9 media than R10LB.
Biosynthetic pathways for vitamins and amino acids contributed 19% and 15% of the ex-
pression deviation from M9 for R10LB and CA-MHB, respectively (Figure ) These responses
are consistent with the defined formulation of RPMI, which contains all amino acids and multiple
B-vitamins, and shows that the undefined media CA-MHB and LB have a similar nutritional
content to R10LB. The main deviations appear to be in histidine and branched-chain amino

acid biosynthesis, which are all regulated by tRNA-mediated transcriptional attenuation. The
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two media also deviate with respect to nucleotides as pyrimidine biosynthesis is upregulated in
R10LB, indicating that cells are starved for pyrimidines (Figure ) Although nucleotides are
not in the RPMI formulation, the cells downregulated the de novo purine biosynthesis pathway.

The next largest contributor to expression deviation in R10LB included four i-modulons
related to anaerobic respiration (Figure ) Three i-modulons were enriched with the tran-
scription factor Fnr; one i-modulon was uniquely enriched with the Fnr regulon, one i-modulon
was enriched with genes co-regulated by Fnr and the nitrate-responsive regulator NarLL and the
final i-modulon contained genes co-regulated by Fnr, NarL, and the nickel regulator NikR. Fnr
contains an iron-sulfur cluster that is destabilized in the presence of molecular oxygen [1§], ren-
dering Fnr inactive. Therefore, the high expression of these genes in R10LB indicates a high
respiration rate that leaves little intracellular molecular oxygen available to destabilize Fnr’s
iron-sulfur cluster. Herein lies one of the major differences between the two media; R10LB pro-
motes a higher respiration rate than CA-MHB. The fourth i-modulon in this group was related
to ArcAB, a two-component system that senses the redox state of quinone electron carriers to
regulate the TCA cycle, among other genes [19, [20]. The ArcA i-modulon activity was partially
reduced in both R10LB and CA-MHB.

Another major difference between the two media is the presence of free iron, as indicated
by the differential activation of two Fur-enriched i-modulons (Figure [1.3f). Fur binds to free
iron (IT) and represses genes related to iron siderophore synthesis and transport [21]. From the
i-modulon activities, cells growing in glucose M9 media contain more free iron than CA-MHB,
but significantly less than R10LB.

A few additional i-modulons were differentially activated across the multiple media con-

ditions, and coincidently discriminate the biological processes that are perturbed between the old
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and new glucose M9 expression profiles. The new glucose M9 and CA-MHB expression profiles
displayed an activation of three i-modulons related to the Rcs-phosphorelay and membrane stress
(Figure [D.1p), whereas the R10LB i-modulon activities were near the reference condition. The
FliA i-modulon, which controls chemotaxis, was activated in all three media, whereas the FIhDC

i-modulon, which controls biosynthesis and assembly of flagella, was strongly activated in RPMI

(Figure [D.1p).

4.2.4 Subinhibitory antibiotic treatment decelerates respiration

Since the ICA-based decomposition of transcriptomes provided a clear explanation of the
complex responses to different media compositions, we used a similar approach to investigate
the effects of antibiotic treatment at the subinhibitory concentrations presented in Figure [£.1]
The i-modulon activities for the antibiotic-treated conditions were primarily clustered by media
(Figure , even when controlling for the media-specific responses (Figure ) Meropenem
treatment on R10LB had minimal effects on the transcriptome and was removed from subsequent
analyses.

We first investigated common trends in i-modulon activities upon treatment by any an-
tibiotic. Antibiotic treatment increased activity of the translation i-modulon in all media com-
positions (Figure ), but left the other Fear-Greed trade-off i-modulons largely unchanged
(Figure . Although none of the selected antibiotics directly interact with the ribosome, this
indicated that antibiotic-mediated stress could indirectly increase ribosome levels in the cell.

Across PRECISE, we observed a strong significant negative correlation between Fnr and
ArcA i-modulon activities (Pearson R = -0.74 , p-value< 107!°), which represent two major

respiration-related transcription factors (Figure ) In both rich media, there were significant
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Figure 4.4: Consistent i-modulon responses to antibiotic treatment. (a) Clustered heatmap of
expression differences in antibiotic-treated samples. Expression differences shown are between
the antibiotic treated sample and the untreated sample in the same media condition. (b) Bar
chart of translation i-modulon activities with and without antibiotic treatment. (c) Scatter plot
of Fnr and ArcA i-modulon activities across PRECISE. Arrows indicate the effect of antibiotic
treatment in rich media. Anaerobic respiration conditions from PRECISE are also shown. (d)
Scatter plot of the Crp-1 and Crp-2 i-modulon activities across PRECISE. Arrow indicates the
effect of antibiotic treatment in rich media. I-modulon activities from CRP knock-out and partial
knock-out strains are also shown.

drops in Fnr i-modulon activities, indicating higher intracellular oxygen levels. This drop was
coupled by a simultaneous increase in ArcA-regulated regulated genes in the TCA cycle. To-
gether, these two i-modulons point towards deceleration of the high respiratory rate facilitated
by the rich media and a reduction in the redox state, as sensed by the ArcAB response system
[19]. A prior study used biochemical assays to investigate the effects of bacteriostatic antibiotics
on E. coli |22|, and observed that antibiotic treatment drastically reduced the respiration rate
and moderately reduced the redox state of the cell. However, this effect seemed to be mitigated

in minimal media, where cellular respiration was initially slower.
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We also observed significant reduction in both Crp-related i-modulon activities upon
antibiotic treatment in rich media (Figure ) The Crp i-modulons encode genes in sec-
ondary carbon source catabolism; the Crp-1 i-modulon contains scavenging enzymes such as
tryptophanase and acetyl-coA synthetase, whereas the Crp-2 i-modulon represents expression of
phosphotransferase systems for alternative carbon sources.

Nutrient usage in the two rich media was nearly identical in the untreated samples, except
for i-modulons encoding histidine biosynthesis (His-tRNA), branched-chain amino acid biosyn-
thesis (Leu/Ile), and nucleotide biosynthesis (PurR-1 and PurR-2). However, upon treatment

by any antibiotic, the activities of these i-modulons converged to similar levels in rich media

(Figure [D.4)).

4.2.5 Ciprofloxacin has diverging effects on Fur i-modulons

For most i-modulons, treatment by any antibiotic in subinhibitory concentrations resulted
in a convergence of i-modulon activity between R10LB and CA-MHB. However, these mirrored
responses do not explain why drugs like ciprofloxacin or meropenem have diverging MICs on the
two media. Here, we will focus on ciprofloxacin and suggest a hypothesis towards its differential
activity on the two media.

Ciprofloxacin blocks DNA gyrase, creating double-stranded DNA breaks [23]. Subse-
quently, we observed a strong increase in LexA activity in all three media (Figure ) In
addition, ciprofloxacin has diverging effects on the two Fur-related i-modulons. The two Fur
i-modulons contain considerable overlap (Figure S5), and exhibit a general trend in their ac-
tivities across the entire PRECISE database (Figure [£.5b). The Fur-1 i-modulon responds to

iron starvation, de-repressing iron (II) and (III) siderophore synthesis and transport systems,
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ribonucleotide reductases, superoxide dismutase, and iron-sulfur cluster assembly. The Fur-2
i-modulon responds to excess iron, further repressing siderophore transport and repressing the

energy-transducing Ton system.
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Figure 4.5: I-modulon responses to ciprofloxacin treatment. (a) The DNA-damage response
regulator LexA is activated by ciprofloxacin treatment. (b) Scatter plot of the Fur-1 and Fur-2
i-modulon activities. Expression profiles from PRECISE are shown in light gray, and other colors
are described in the legend. Arrows indicate i-modulon shifts in R10LB and CA-MHB resulting
from ciprofloxacin treatment.

The Fur i-modulon activities diverge further upon ciprofloxacin treatment (Figure 5b),
indicating an increase in free iron in R10LB and a stronger iron starvation response in CA-MHB.
[what could cause this]. Between the increased intracellular oxygen levels observed in the previous
section, and the increase in free iron specific to R10LB, the increased susceptibility of E. coli
to ciprofloxacin in R10LB may be explained by Fenton chemistry, in which unincorporated iron
and hydrogen peroxide generate hydroxyl radicals to further damage DNA . Prior studies
have observed that reactive oxidative species, such as those created by Fenton chemistry, may
contribute to the antibacterial action of ciprofloxacin [25-27]. However, we did not observe a

change in activity for any oxidative response regulons (OxyR, SoxR, and RpoS), potentially due

to cell density effects.
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4.3 Discussion

Bacterial responses to antibiotics are complex, and depend on a variety of environmental
and genetic factors. In this study, we explored the effects of different media compositions and
antibiotic treatments on the transcriptomic state of the model organism E. coli. First, we showed
that i-modulons could simplify the interpretation of large changes in expression due to varying
environmental conditions. We then leveraged i-modulon activities with biochemical knowledge
to infer the respiratory rate of F. coli, and subsequently elucidate a drop in respiration caused
by antibiotic treatment. We also noted a significant difference in Fur activity between the two
rich media, providing a potential hypothesis behind the differential susceptibility to ciprofloxacin
in the two media.

I-modulons played a central role in contextualizing the gene expression changes. The use
of ICA enabled a rapid, low-dimensional characterization of one thousand differentially expressed
genes, many of which were uncharacterized. In addition, biochemical knowledge of i-modulons
provided connections between the transcriptome and intracellular states, such as respiration rates
and biosynthetic pathways. However, it is not clear if iron levels directly affect ciprofloxacin,
especially in light of the controversy regarding the role of oxidative stress in antibiotic lethality
128H30].

We have presented an analytical pipeline for probing and contextualizing the transcrip-
tomic effects of antibiotic treatment using a model organism. Although our analysis was focused
on subinhibitory effects of antibiotics, this could be extended to investigate inhibitory or lethal
doses of antibiotics. As publicly available transcriptomic datasets grow in size and diversity
[31], this pipeline can be applied to pathogenic strains and organisms grown in physiologically

relevant media conditions. Future studies could explore the metabolic and transcriptional shifts
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associated with antibiotic treatment, leading to a “white-box” approach that connects antibiotic-

treated transcriptomes to biochemical knowledge [§].

4.4 Methods

4.4.1 Bacterial strains and growth conditions

FEscherichia coli strain MG1655 was grown in three media: (1) M9 minimal medium (47.8
mM Na2HPO4, 22 mM KH2PO4, 8.6 mM NaCl, 18.7 mM NH4Cl, 2 mM MgSO4 and 0.1 mM
CaCl2) supplemented with 0.2% (w/v) glucose (M9); (2) Roswell Park Memorial Institute 1640
(RPMI) (Thermo Fisher Scientific) supplemented with 10% LB (R10LB); (3) Mueller Hinton
Broth (Sigma-Aldrich) supplemented with 25 mg/L Ca?* and 12.5 mg/L Mg?* (CA-MHB).
Glycerol stocks of E. coli were inoculated into the respective media and cultured overnight at

37C with vigorous agitation.

4.4.2 Antibiotic susceptibility testing

Antibiotic susceptibility was determined as described previously [32]. Briefly, E. coli
were cultured in the same media throughout (M9, R10LB, or CA-MHB) prior to the addition of
antibiotics. Mid-logarithmic phase cultures were diluted to approximately ~ 2.5 * 107 CFU/mL
(OD600 = 0.08) and diluted 1:100 in 200 pL media prepared with serial dilution. Plates were
incubated with shaking at 200 rpm at 37°C overnight. Bacterial growth (OD600) was determined
approximately 20 h later utilizing a Enspire Alpha multimode plate reader (PerkinElmer). To
calculate the MIC90, defined as the amount of drug required to inhibit <90% of the growth of
the untreated controls, the density of each drug-treated well was compared to untreated control.

MIC for high-density cultures were performed as described above, except with a starting OD600
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~ 0.05 after dilution.

4.4.3 Bactericidal Assays

Mid-log FE. coli MG1655 was used to inoculate 15 ml of either glucose M9, R10LB, or
CA-MHB with approximately 2.5 * 107 CFU/mL (OD600~ 0.05). Each experimental well of
the 96-well flat bottom plate received 180 ul of bacterial culture and 20 ul of the desired 10x
drug stock. Plates were incubated shaking at 100 rpm at 37C overnight. After 20 h, plates were
removed from the incubator and serial 10-fold dilutions of each well performed in their respective
media. Twenty microliters of each serial dilution was spot plated onto LA and incubated at 37C

overnight to enumerate the CFU.

4.4.4 RNA-seq expression profiling and processing

Total RNA was sampled from duplicate cultures. Strains were cultured overnight in
the respective media as described above. Mid-log phase cultures were diluted (starting OD600
~ 0.05) into 30mL media for untreated conditions, or 30 mL media containing the MIC of the
respective antibiotic for the respective media (Table 1). Flasks were incubated for 30 min at 37C
with shaking. Cell broth was centrifuged and supernatant was removed. RNA extraction and
library preparation were performed as described in |9]. Raw sequencing reads were performed
as described in [9]. Differential expression was performed using DESeq2 [33], with a log2 fold

change cutoff of 1.5 and g-value cutoff of 0.05.

4.4.5 Independent component analysis

Log-transformed transcripts per million (log-TPM) expression levels were concatenated

to the PRECISE dataset. ICA and i-modulon extraction were performed as described in [9].
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Chapter 5

Conclusions

Systems biology is now firmly in the realm of big data analytics. There is enough knowl-
edge about specific biological parts that we can begin to understand biological systems as a
whole. The inherent complexity of biological systems requires the production, integration, and
processing of big omics datasets to accelerate our understanding of a living cell. In this thesis,
we introduced independent component analysis as a promising tool to enable rapid knowledge
generation from big transcriptomics data.

In the introduction, we illustrated the transcriptional regulatory network as a black box,
where the inputs and outputs can be measured, but little is known about the internal mechanisms.
However, ICA enables an interpretable white-box model for the TRN [1] that can explain the
internal logic of the TRN (Figure [5.1)).

We introduced the utility of ICA in Chapter [2] by applying it to PRECISE, which is
currently the largest publicly-available RNA-seq compendium from a single research group for
any bacteria. We have meticulously annotated each experimental condition, and believe that

it will be a frequently used resource in the community. The 92 i-modulons extracted from
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Figure 5.1: ICA presents a white-box model of the TRN

PRECISE revealed some of the deep knowledge accessed by ICA, including regulator discovery
and genotype-phenotype relationships.

Chapter [3] expanded on the S matrix, which encodes the data-derived relationships be-
tween transcriptional regulators and genes. Through analysis of multiple independent transcrip-
tomics and proteomics datasets, we demonstrated that the ICA-derived structure of the transcrip-
tome is consistent across datasets and is robust to data integration. This chapter also highlighted
that more work is required in identifying the optimal dimensionality of transcriptomics datasets,
and introduced i-modulon coalescence as a property that can assist in this investigation.

Finally, we explored the implications of i-modulon activities in Chapter ] I-modulons
greatly simplified the analysis of complex transcriptional shifts, such as those induced by changes
in media composition or treatment by antibiotics. Changes in i-modulon activity levels illustrated
how ICA can extend the interpretation of transcriptomic datasets beyond the traditional limits of
gene expression. Specifically, we showed that the Fnr i-modulon activities mimic the respiration
rate of E. coli. This knowledge can be applied to future studies, highlighting the synergy unlocked

by data integration.
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Although the linear model of blind source separation does not accurately capture some
intricate regulatory mechanics, such as regulator hierarchy or non-linear interactions, the in-
vestigations presented in this thesis demonstrate that ICA extracts accurate and interpretable
information for bacterial transcriptomes. It is currently unclear if these assumptions are justifi-
able for higher organisms, but preliminary studies have shown promise |2-4]. However, ICA can
be applied to other microbes, such as infectious diseases or members of the microbiome, to probe
their responses to host environments or antibiotics.

Big data provides a comprehensive view of biological systems, but does not inherently
provide any knowledge. Through this work, we have shown that ICA enables interpretation of

big expression datasets to expose the hidden signals sensed by the cell.
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A.1 Supplementary Figures
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Figure A.1: Overview of the PRECISE Dataset. (a) Histogram of data quality, as measured by
the coefficient of determination (R?) between log-TPM. Comparison between biological replicates
are shown in red, whereas comparison between all pairwise non-replicates are shown in blue. (b)
Histogram of the Pearson correlation coefficient (PCC) between log-TPM, after subtraction of
a reference condition (See Methods). (c) Pie chart of all published RNA-seq data for E. coli
MG1655 or BW25113 on NCBI GEO as of January 2019. (d) Loadings of the first two principal
components (PCs) of PRECISE, colored by the researcher who created the dataset. The high
overlap of various colors demonstrates the self-consistency of the compendium. (e) Loadings of
the first two principal component of PRECISE merged with a microarray dataset, illustrating
the clear batch effects introduced by integrating data from different sources. (f) Cumulative
explained variance for the first 92 components calculated by principal component analysis (black)
and ICA (blue). Cumulative explained variance using only significant genes in each i-modulon is
shown in green.
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and Mujacic, 2004 [2]. (b) Illustration of the 61 regulatory i-modulons, colored by functional
category. Number of genes in each i-modulon are indicated by the size of the box.
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Figure A.3: Validation of i-modulon-regulator relationships. (a) Evaluation of ICA and sparse-
PCA on PRECISE and a microarray dataset (NCBI GEO GSE6836)[1]. ICA consistently outper-
forms sparse-PCA (p-value < .05) in number of regulatory i-modulons, unique linked regulators,
and high-confidence i-modulons (precision > 0.5, recall > 0.25). (b) The precision of ICA-derived
i-modulons are higher than sparse-PCA-derived i-modulons for both datasets (p-value < .01,
Mann-Whitney U test). Boxplot whiskers represent extrema of data, box bounds represent up-
per and lower quartiles, and center-line represents the median value. (c) Scatterplot of CysB
i-modulon activities against Cbl4+CysB i-modulon activities. The Cbl4+CysB i-modulon was
only active under sulfur starvation conditions. (d) Distribution of gene regulation in the com-
bined NagC/TyrR i-modulon. (e) Distribution of gene regulation in the combined GntR/TyrR
i-modulon. (f) Distribution of tryptophan-related regulatory mechanisms in the TrpR i-modulon.
Gene names in blue indicate positive gene coefficients, and gene names in red indicate negative
gene coefficients. (g) Distribution of leucine- and isoleucine-related regulatory mechanisms in
the Leu/Ile i-modulon. High concentrations of leucine or isoleucine either charge tRNAs that
pause transcription to form termination loops, or activate the transcription factor IlvY to repress
transcription of lvC. Subscripts indicate pseudogene fragments.
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Figure A.4: Additional properties of i-modulons. (a,b) I-modulon composition of the reported
Fur and Crp regulons. 291 genes in the reported Crp regulon were not in any i-modulon and are
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R? value. (d) Unlike the PurR-1 i-modulon, the PurR-2 i-modulon activity level was poorly
correlated with purR expression. (e) Example of a genomic i-modulon, activated when ydcl is
knocked-out. (f) Metabolic pathways related to KDG degradation. Gene names are shown in
bold adjacent to the reaction they catalyze. Metabolite abbreviations are: KDG - 2-dehydro-3-
deoxy-D-glucononate; KDGP - 2-dehydro-3-deoxy-D-gluconate 6-phosphate; KDII - 3-deoxy-D-
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Figure A.6: Significance thresholds for components and differential activity. (a) Sensitivity
analysis on the D’Agostino K? test statistic cutoff. Red dot indicates optimal value. (b)
Precision-recall curve and (c) receiver operating characteristic (ROC) curve from varying the
cutoff. (d) The difference in ArgR i-modulon activities between biological replicates follows a
log-normal distribution (shown in red). (e) P-values from K-S tests on each i-modulon are higher
than 0.1, indicating that an inability to reject the null hypothesis that the activity differences
between replicates are from a log-normal distribution. (f) Quantile-quantile plot of difference in
AlIR/AraC/FucR i-modulon activities between biological replicates provides further evidence of
log-normal distribution.
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Figure A.7: Descriptive characteristics of the EvgA i-modulon with explanations. Similar
characteristics are shown for all 92 i-modulons in Chapter B (a) Scatterplot of i-modulon gene
coefficients against gene expression (log-TPM) in the reference condition (E. coli MG1655 grown
on glucose M9 minimal medium). Genes are colored by their cluster of orthologous groups (COG)
categories. (b) I-modulon activities across the entire PRECISE compendium, grouped by original
study. Each condition occupies a constant width, regardless of the number of biological replicates.
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Figure A.8: Continuation of Figure (a) Histogram of i-modulon gene coefficients on a loga-
rithmic count scale. Two histograms are overlaid, one for genes with reported regulation by the
associated regulator, and one for genes without reported regulation. If multiple regulators are
associated, additional histograms are overlaid. Gene names are listed above bars outside of the
significance threshold (dashed vertical line). Statistics on regulator enrichment are reported in
the legend. (b) Venn diagram of genes in associated regulon vs. significant genes in i-modulon.
Numbers in parenthesis indicate number of operons in each category. (c) Scatterplot of i-modulon
activity against expression level of associated regulator. Regulator knock-outs, if applicable, are
indicated in orange. The Rg 47 accounts for minimum expression levels, as discussed in F igure
and Methods. (d) Motif identified upstream of i-modulon genes, if found. (e) Similar motif in
RegulonDB to the motif identified in panel d, if found.
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Appendix B

Descriptive characteristics of the 92

iI-modulons extracted from PRECISE

This appendix contains detailed information on each i-modulon. FEach page characterizes
one i-modulon, which are sorted by name. The EvgA i-modulon page is described in Figures
and EvgA is known to be activated under acid and osmotic stress, which is consistent with

its i-modulon activities.

B.1 Automated characterization of i-modulons

The scatter plot (Figure ) compares the i-modulon gene weights to the reference
expression profile (defined as the average log-TPM of sample IDs control__wt_glc__1 and con-

trol__wt_glc__2). The horizontal dashed lines represent the threshold separating significant and
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non-significant genes in an i-modulon. Each gene is colored by its functional category, defined
by clusters of orthologous groups of genes queried from EggNOG]|1]. Gene names are provided
on the scatter plot if the total number of significant genes is below 25. Subscripts indicate split
genes in F. coli MG1655, classified as pseudogenes.

The bar chart (Figure ) displays the i-modulon activities across all conditions in
the database, grouped by study. Each condition shares the same total width, regardless of the
number of biological replicates.

The histograms (Figure ) show the gene weights in an i-modulon on a log-scale, split
by enriched regulon. The vertical bars represent the significance threshold for the component.
The gray histogram captures genes that are not in an enriched regulon. The brown histogram
captures genes that are in more than one enriched regulon.

The venn diagram (Figure [A.8b) compares genes in an i-modulon (above the threshold)
to genes in the enriched regulons. If the i-modulon name contains a slash (/), the regulon circle
contains the union of genes in any enriched regulon (i.e. genes in either regulon). If the i-modulon
name contains a plus sign (+), the regulon circle contains the intersection of the regulons (i.e.
genes in both regulons). Numbers in parentheses indicate number of operons (complete or partial)
in each category. Operons were defined using RegulonDB. This panel is hidden if no enriched
regulons were identified.

The regulon scatter plot (Figure ) compares the expression level of enriched regulators
to the i-modulon activity. Each point represents an expression profile. Two lines were fit to each
scatter plot, a simple line and a broken line. The broken line represents a minimal expression

level required before a correlation is observed between the i-modulon activity and the regulator
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expression. Only the line with the highest RZdj is shown, where

o _ . (1=R*)(n-1)
Rag =1 n—k—1

The broken line is modeled as:

ac+b fzr<ec
y:
ar+b ifxz>=c¢

where x is the expression level of the gene encoding the TF, and y is the i-modulon activity level.
Parameters a, b, and ¢ are optimized using the optimize.curve_fit function in the Python scipy
package|2]. Three initial values for ¢ were tested to identify the optimal fit: minimum expression,
maximum expression, and mean expression.

This panel is hidden if no enriched regulons were identified, or if expression levels were
not measured for the regulator (see Thiamine i-modulon). If there are two or more enriched
regulons with expression levels, the two TFs with the strongest association to the i-modulon are
shown. Experimental conditions with knocked-out TFs are marked in orange and were not used

to find the best-fit line.

B.1.1 Motif Search

Motifs for (Figure ) were identified by searching upstream sequences using MEME(3].
Genes in each i-modulon were grouped into operons. A stringent upstream sequence was defined
as the region from -300 to the start of the operon. We searched for zero or one motif per
sequence using an E-value threshold of 1073, searching for motifs with all widths between 6 and
30 basepairs, and minimum number of found motifs equal to 1/3 the total number of operons for
all non-genomic i-modulons. For i-modulons with no enriched motifs in the stringent upstream

sequence, we searched for motifs in a broader upstream sequence of -600 to +100, keeping all
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other parameters constant. The E-value of the motif and the percent of i-modulon operons with
the upstream motif are listed below the motif.

The motif comparison (Figure ) was generated by comparing i-modulon motifs
against known motifs from RegulonDB using TOMTOM[4], with an E-value threshold of 0.01

and allowing incomplete matches. The E-value of the comparison is shown below the figure.
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AlIR/AraC/FucR I-Modulon

Regulated by: AlIR or AraC or FucR
Biological Function: Allantoin, glyoxylate, L-arabinose, and L-fucose catabolism
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ArcA -1 I-Modulon

Regulated by: ArcA
Biological Function: Anaerobic response
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ArcA -2 I-Modulon

Regulated by: ArcA

Biological Function: Electron Transport Chain
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ArgR I-Modulon

Regulated by: ArgR
Biological Function: Arginine biosynthesis
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AtoC |-Modulon

Regulated by: AtoC
Biological Function: Acetoacetate degradation
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BW25113 I-Modulon

Biological Function: Transcriptional difference between BW25113 and MG1655
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Cbl + CysB I-Modulon

Regulated by: Cbl and CysB
Biological Function: Aliphatic sulfonate utilization
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CdaR I-Modulon

Regulated by: CdaR
Biological Function: Glucarate catabolism
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CecR I-Modulon

Regulated by: CecR
Biological Function: Related to antibiotic sensitivity

h, .
y/b S .ybhG COG Categories
2r wir” NybhE ® Defense mechanisms (3): ybhF, ybhR, ybhS
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Copper I-Modulon

Regulated by: CusR or HprR or CueR
Biological Function: Copper homeostasis

05 cusC .
. COG Categories
» T—ousk Inorganic ion transport and metabolism (3): COpA, CusA,
T oaf cusB cusB
% cusA ® Signal transduction mechanisms (2): cusR, cusS
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O]
5
S 01fF
©
o
=
L 00
L L L L L L L L L
0 2 4 6 8 10 12 14 16
Baseline Expression (log-TPM)
Study Acid Nac/ OmpR Cra/ RpoB  Crp Glucose 42C Substrate- PGIKO Current Unchar.  False Enz. Pseudogene
Iron  Oxid. NtrC Misc Omics MinSpan Crp Knock-in ARs Evol.  Evol. switching Evol.  Evol. Study TFs Pos. Promisc. Repair
2z
z ( .- ...i.ll..J'ﬂ.J.\_
3
<
§
3
8
=
INENINNNNN ANy NN NN NN AN NN NN NN NN NNy
N FNER v_ﬁ@‘”ﬁw
Condition 3 ¢ ° N s gt
ID H
F Unregulated Regulated
r by any — by multiple
10° : Regulated by P-value = 5e-20
° E | only CueR ~ ------ Precision = 100%
© r H Recall = 42%
3 L ]
@ 10" F §
o E |
T f a
c + ]
30k E
8] E i copA cusR
F i cueO cusS
o i cusB cusF cusC
10 . .
0.0 0.2 04 0.6 0.8
I-Modulon Gene Coefficients
10 f — R%;=0.76 —— R2;=0.03 410
e  Conditions . e  Conditions
2 5
=
E=1
<
11 8 0 c °
®) @ © s
- -5
o
Z
= -10
|-Modulon
Genes
Regulon 15 .
Genes 104

cusR Expression Level cueR Expression Level

137



CpxR I-Modulon

Regulated by: CpxR
Biological Function: Various stress responses

L P .
03 LoPX COG Categories
» Inorganic ion transport and metabolism (3): alx, ftnB, mdt/
2
S dgezZ ldtC @ Carbohydrate transport and metabolism (1): y/il
= L )
S 02 yobe 7/ JooA . Cell motility (1): cpxP
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I-Modulon Gene Coefficients
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Cra I-Modulon

Regulated by: Cra
Biological Function: Central carbon metabolism

S5F fruB -
S COG Categories

4 fruk A Carbohydrate transport and metabolism (11): epd, fbaA, fbp,

: d fruA, fruB, fruK, gpmM, pgk, ppsA, psuK, yeaD
3r Energy production and conversion (2): adhE, nirB
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Crp -1 I-Modulon

Regulated by: Crp
Biological Function: Miscellaneous functions

w 015f . COG Categories
z Carbohydrate transport and metabolism (12): agaV, kbaZ,
.g . @ mtlA, mtID, nanT, psuK, rbsD, rpiB, treB, uidA, uxaC, ydcS
% 0.10 o . o Amino acid transport and metabolism (11): ansB, aspA,
3 ®  hanA, tnaA, tnaB, yagE, yagF, ycaM, ydcT, ydjL, ygiS
® o5k Energy production and conversion (6): aldA, aldB, rutE,
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Operons with Upstream Motif: 83% Motif similar to CRP (E-value: 7. 82e-09)
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I-Modulon Gene Coefficients
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Crp -2 I-Modulon

Regulated by: Crp
Biological Function: Various carbon source catabolism

COG Categories

r ° Carbohydrate transport and metabolism (16): gatA, gatB,

® gatCy, gatCy, gatY, gatZ, glpT, manX, manY, manZ,
r mglB, mgIC, mtlA, mtID, ptsG, ynfM
| Amino acid transport and metabolism (6): gatD, idnD, ilvC,
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CsgR I-Modulon

Regulated by: CsgR
Biological Function: Sulfoquinovose catabolism
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8 0415 | yihO @ Lipid transport and metabolism (1): yihU
) yihw Transcription (1): yihW
g 0.10 - -
O]
< 005F
2 .
3 ooof o’
o
= -005
- L]
_010 L 1 1 1 1 1 1 1 1 1
0 2 4 6 8 10 12 14 16
Baseline Expression (log-TPM)
Study Acid Nac/ OmpR Cra/ RpoB  Crp Glucose 42C Substrate-  PGIKO Current Unchar. False  Enz. Pseudogene
Iron  Oxid. NtrC Misc Omics MinSpan Crp Knock-in ARs Evol.  Evol. switching Evol. ~ Evol. Study TFs Pos. Promisc. Repair
40
>
B
E
<
s 20
3
g
= b I T AN e em Al A RARA GRERH | il _w ol
0 INENINNNNNN ITTTIIIIIII-I‘I‘IIIIIIIIIIIIIIIIIfI-TII 11 IIIIIIIIIIIIIIII-;.IIIII (ANl IIIIIIIIIIIIIT‘IIIIIIIIlrljlllIIIIIIIIIIIIIIIIIIII
ogor e e e
o5 ‘__L.u{‘;“;ff;’% u“-"ﬁﬁi’w‘”‘“’u’”“’fﬂws&;”ﬁ‘”i“y“l;@ :‘:ézes;‘::;%jii“%@;s@“‘”
Condition - = &
ID &
L Unregulated
10° E by CsqR
- F Regulated
% F = by CsqR
S [ P-value = 3e-14
100 B e Precision = 50%
2 E Recall = 100%
:g L
ihR
3 10'F };th yihU
O E ompL YihQ
F yihs
o I yihw yihO  yihV - yihT
10 F L — L
-0.1 0.0 0.1 0.2 0.3 0.4
I-Modulon Gene Coefficients
R2;=0.89
> 30} o  Conditions
=
=
=
2 20
0 5 5 <
0 @ @) s
T 10
o)
=
-~
Regulon or
Genes I-Modulon 5 6 7 8 9 10 1‘1
Genes

yihW Expression Level

2

6 TCe|dhar

Motif E-value: 4.50e-04
Operons with Upstream Motif: 100%

142



CysB I-Modulon

Regulated by: CysB
Biological Function: Inorganic sulfate assimilation

cysP .
025 yoW  cysU « oysD COG Categories
» T ocysd” cysl Inorganic ion transport and metabolism (10): cysA, cysC,
‘g 020 - vee ) ﬁ cysD, cysH, cys], cysN, cysP, cysU, cysW, sbp
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5 osh yeeDe /M _ iaaA
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DhaR/Mic I-Modulon

Regulated by: DhaR or Mic
Biological Function: Dihydroxyacetone kinase and phosphotransferase systems

dhal dhaK .
T~ ohati— COG Categories
» 921 galP _ m”A manY Carbohydrate transport and metabolism (11): dhakK, dhaL,
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EvgA |I-Modulon

Regulated by: EvgA
Biological Function: Acid and osmotic stress response

FdX -
w 03l yex, ;’C COG Categories
z yidv  oxc' % Energy production and conversion (6): frc, narW, narY, narZ,
[0} ~ )
3 JouR _ydeO ydeP, yfdE
% 02k ‘yde ydeP Inorganic ion transport and metabolism (4): emrY, narK,
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ExuR/FucR I-Modulon

Regulated by: ExuR or FucR
Biological Function: D-galacturonate and L-fucose catabolism

fucA -
w 030 . COG Categories
. e .
< APt fucO ° Carbohydrate transport and metabolism (11): exuT, fucA,
-g 0.25 - i fucl, fucK, fucP, fucU, pgi, uxaA, uxaB, uxaC, yeiQ
E 020 F uxaB uxaC @® Amino acid transport and metabolism (2): yagE, yagF
. . Ener roduction and conversion (2): fucO, yqghD
S sk xen efucU gy pi (2) yaql
P
c exuT — yeil
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S 005F oo 7
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Baseline Expression (log-TPM)
Study Acid Nac/ OmpR Cra/ RpoB  Crp Glucose 42C Substrate-  PGIKO Current Unchar. False  Enz. Pseudogene
Iron  Oxid. NtrC Misc Omics MinSpan Crp Knock-in ARs Evol.  Evol. switching Evol. ~ Evol. Study TFs Pos. Promisc. Repair
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3
E
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Condition b B
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\ L Unregulated
10° F by any
_ F Regulated by
% F - only ExuR
o I Regulated by
g 102 e = only FucR
ke) E mmm Regulated by both
= L P-value = 1e-22
c agE e Precision = 67%
8 10' E ypgi uxaC Recall = 62%
O F yagF uxaA
F yeiQ fucU
o i exuT yqhD uxaB fucK fucO fucl fucP fucA
10 g \
-0.1 0.0 0.1 0.2 0.3 0.4
I-Modulon Gene Coefficients
30 F R2,=0.07 o* R2;=044 8 430
- o  Conditions e  Conditions
25 425
= . - .
E 20 420
6 10 5 g 15 115
&) ®) ) s
3 10 410
]
s 18
0 10
Regulon I-Modulon A
Genes Genes 104 6 8 10

exuR Expression Level

fucR Expression Level

Motif E-value: 1.10e-04
Operons with Upstream Motif: 67%
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I-Modulon Gene Coefficients
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FadR |I-Modulon

Regulated by: FadR or IcIR
Biological Function: Fatty acid degradation

COG Categories
Lipid transport and metaboli

®  fadl, fad)

Cell motility (1): fliQ

fadA o9
r fadM_ % fadB
o8

 fad bR
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- 3&%‘ W% -
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borp fabA
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Evol.

PGIKO Current
Evol. Study
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switching Evol.

sm (6): fabA, fadA, fadB, fadE,

Transcription (2): fabR, fadR

Energy production and conversion (1): aceA
Function unknown (3): borD, fadH, fadM
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Fecl I-Modulon

Regulated by: Fecl
Biological Function: Ferric citrate transport

fecA -
0.25 1 ﬁ COG Categories
fecl
» - Inorganic ion transport and metabolism (6): efeB, efeO, fecA,
‘g 020 fecC fecC, fecD, fecE
S o15fF — feeD ® Coenzyme transport and metabolism (1): ubiC
% fecE " ubiC Secondary metabolites biosynthesis, transport and
8 0.10 [ _entB ®  catabolism (1): entB
) N ® No COG Annotation (2): efeU,, fecB
$ 005 . ces
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Iron  Oxid. NtrC Misc Omics MinSpan Crp Knock-in ARs Evol.  Evol. switching Evol.  Evol. Study TFs Pos. Promisc. Repair
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© r P-value = 3e-14
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8’ 10° Recall = 100%
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FIhDC I-Modulon

Regulated by: FIhDC
Biological Function: Flagella assembly

w 0BT COG Categories
z Cell motility (31): flgA, flgB, flgC, flgD, fIgE, flgF, flgG, flgH,
.g 0.20 | y  flgl, flg), figK, flgL, flhA, flhB, flhE, fliD, fliE, fliF, fliG, fliH, flil,
k= fliJ, flik, fliL, fliM, fliN, fliO, fliP, fliQ, fliR, fliS
0]
8 0.15 - Transcription (6): flgM, fIhC, flhD, fliA, fliT, fliZ
) ® Signal transduction mechanisms (1): yhjH
g omor : ® No COG Annotation (2): figN, ymdA
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Iron  Oxid. NtrC Misc Omics MinSpan Crp Knock-in ARs Evol.  Evol. switching Evol. ~ Evol. Study TFs Pos. Promisc. Repair
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SRR RO B B
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ID 505 g‘ 22 H
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I-Modulon Gene Coefficients

40 38 3
an an @

I-Modulon

Regulon ~ Genes
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Motif E-value: 7.40e-07
Operons with Upstream Motif: 54%
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FliA I-Modulon

Regulated by: FIiA
Biological Function: Chemotaxis

0251 COG Categories
.., Cell motility (8): cheW, flgK, flgL, fliC, fliD, fliS, motA, motB
020 . < . ° Signal transduction mechanisms (7): aer, cheA, cheB, cheR,
.

. cheY, cheZ, yhjH
Inorganic ion transport and metabolism (2): modA, modB
Transcription (2): flgM, fliT
® Carbohydrate transport and metabolism (1): uhpT
0.05 @ Cell wal/membrane/envelope biogenesis (1): ycgR
Function unknown (7): tap, tar, trg, tsr, ves, yjcZ, ynjH

0.15 |-
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0.00 - ® No COG Annotation (2): flgN, fIxA
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) (A;A TEIEQQQJ: gTe AIAAL:Q

Motif E-value: 2.00e-08
Operons with Upstream Motif: 47%
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Fnr I-Modulon

Regulated by: Fnr
Biological Function: Anaerobic response

" 0.25 . COG Categories
z 020 L . Energy production and conversion (10): dcuC, dmsA, fdnG,
.g ' R frdA, hybO, napF, narG, nirB, nirD, ynfE
% 015 F Inorganic ion transport and metabolism (7): feoA, feoB, focA,
8 . napD, narK, nikB, ynjE
o o10F o 5 @ Amino acid transport and metabolism (2): aspA, nikA
5 | Posttranslational modification, protein turnover, chaperones
@ 005 (2): yhbU, yhbV
<_% 0.00 F @ Signal transduction mechanisms (2): bssR, yeal
-g Other (17): hypB, ttdR, ompW, ynfK, nrdD, abrB, grcA, ycb/, ydfZ,
§° -0.05 |- ydjX, ydjY, yecH, yfcC, yhcC, iscR, yjjl, yoeA,
T
-0.10 |-
0 2 4 6 8 10 12 14 16
Baseline Expression (log-TPM)
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— E i bssR
o E i _ napF - Ee?:l;:lrated
© F ! Vil ydfz Y
8 I ; H yecH yhcc P-value = 3e-27
10° F : ; napD “ygiy Precision = 85%
87 E : {hybO yeal ynfE Recall = 8%
= F i iaspA YoeA; foca
z | | 1 g
i 1 abrB nrdD dmsA feoA diX
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I-Modulon Gene Coefficients
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o L
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T e LIVAT . nca URa sss
Motif E-value: 4.60e-12 et
Operons with Upstream Motif: 82% Motif similar to FNR (E-value: 2.98e-06)
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w OB COG Categories
z . Inorganic ion transport and metabolism (18): bfr, cirA, fecA,
g oxr fepA, fepB, fepC, fepD, fepG, fes, fhuB, fhuC, fhuD, fhuE,
. ) - ;
£ a5k R ° fiu, sodB, yddB, ydiE, yqjH
8 Posttranslational modification, protein turnover, chaperones
O 410k . ® (5): nrdH, pqqL, sufB, sufC, sufD
8 . e @ il Secondary metabolites biosynthesis, transport and
8 0.05 ®  catabolism (5): entB, entD, entE, entF, entH
8 0.00 @ Nucleotide transport and metabolism (3): nrdE, nrdF, nrdl
s ; @ Signal transduction mechanisms (2): fecR, ybil
°
O -0.05F ; e Other (15): sufS, entS, fepE, entC, fecl, entA, sufA, sufE, ybdZ, ybiX,
E. yddA, yjjZ, yncE, yoeA;, yoeG;
— -0.10
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Baseline Expression (log-TPM)
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Iron  Oxid. NtrC Misc Omics MinSpan Crp Knock-in ARs Evol.  Evol. switching Evol. ~ Evol. Study TFs Pos. Promisc. Repair
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3
5§ 0 .F.‘-.l.r.-
3
z
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3
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o L i sufE  nrdl entE P-value = 5e-55
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z | | ot i
[ €
§ 10' fopG nrdF ybdz cirA
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z |7
2 1of
<
132 43 5 <
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©
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20k ¢ fuko
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o AAALAARLA| LalWATT oI a g AT
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Motif E-value: 9.40e-36 ridanGdartochntrt -
Operons with Upstream Motif: 69% Motif similar to Fur (E-value: 1.75e-10)

Fur-1 I-Modulon

Regulated by: Fur
Biological Function: Iron homeostasis
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Fur-2 I-Modulon

Regulated by: Fur
Biological Function: Iron homeostasis

" 025 COG Categories
T o020} Inorganic ion transport and metabolism (11): feoA, feoB,
.g fepB, fepC, fepD, fepG, fes, fhuA, fhuC, fhuD, ftnA
% 0.15 Energy production and conversion (2): ydhV, ydhY
L]
8 0.10 F R o Intracellular trafficking, secretion, and vesicular transport (2): exbB, exbD
g é° o . @® Amino acid transport and metabolism (1): preT
8 005 ©® Carbohydrate transport and metabolism (1): entS
c 000F @ Cell wall/membrane/envelope biogenesis (1): tonB
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o
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Motif E-value: 3.40e-32
Operons with Upstream Motif: 90% Motif similar to Fur (E-value: 2.42e-11)

153



GadEWX I-Modulon

Regulated by: GadE and GadW and GadX
Biological Function: Acid stress response

0.4
dE .

" .98 hdeB COG Categories

= yhiD gadA ¢ Amino acid transport and metabolism (4): gadA, gadB,

() hdeA [ ]

2 03k | 4 gadC, glsA

2 hdeD e gadB o

% / Transcription (2): dctR, gadE

S o2k _ gadc @ Cell wal/membrane/envelope biogenesis (1): slp

g .yth aidB ® Defense mechanisms (1): mdtE

8 dctR mdtE Inorganic ion transport and metabolism (1): mdtF

g 0.1 l. .S’p @ Lipid transport and metabolism (1): aidB
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only GadX
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Motif E-value: 8.00e-04
Operons with Upstream Motif: 60%

gadE Expression Level

gadW Expression Level

Motif similar to GadX (E-value: 5.32e-04)
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GadWX I-Modulon

Regulated by: GadW and GadX
Biological Function: Acid stress response

adX .
03} 9 COG Categories
» @® Amino acid transport and metabolism (2): glsA, ybaT
z dctR mdtE -
S \ / sip Transcription (2): dctR, gadX
5 L mdtF s . .
% 0.2 . .b . gadw* @ Cell wal/membrane/envelope biogenesis (1): slp
aT
8 glsA 7 ® Defense mechanisms (1): mdtE
% o1 Inorganic ion transport and metabolism (1): mdtF
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5
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o
=
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L L L L L L L L L
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Baseline Expression (log-TPM)
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o E ybaT mdtF
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I-Modulon Gene Coefficients
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GcvVA I-Modulon

Regulated by: GevA
Biological Function: Glycine cleavage system

cvT "
sl s COG Categories
gch. gevH @® Amino acid transport and metabolism (3): gcvH, gcvP, gcvT
Function unknown (1): ygfF
2+
yofF
1k
°
o o ‘. P
::o 0‘3 Bk ol 3 °
ofF oF ! o °.
5 0% " Ge e » g
N ., 00 ® °
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GlcC I-Modulon

Regulated by: GlcC
Biological Function: Glycolate catabolism
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GIpR I-Modulon

Regulated by: GIpR
Biological Function: Glycerol catabolism
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GntR/TyrR I-Modulon

Regulated by: GntR or TyrR
Biological Function: Gluconate catabolism and tyrosine biosynthesis
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His = tRNA I-Modulon

Regulated by: His-tRNA attenuation
Biological Function: Histidine biosynthesis
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M e, COG Categories
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Leu/lle I-Modulon

Regulated by: IIVY or leu-tRNA attenuation or ile-tRNA attenuation
Biological Function: Branched-chain amino acid biosynthesis
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Lrp I-Modulon

Regulated by: Lrp
Biological Function: Amino acid and peptide transport
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MalT I-Modulon

Regulated by: MalT
Biological Function: Maltose catabolism
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MetJ I-Modulon

Regulated by: MetJ
Biological Function: Methionine biosynthesis
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Nac I-Modulon

Regulated by: Nac
Biological Function: Nitrogen starvation response
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NagC/TyrR I-Modulon

Regulated by: NagC or TyrR
Biological Function: N-acetylglucosamine catabolism and tyrosine biosynthesis
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NarL I-Modulon

Regulated by: NarL
Biological Function: Nitrate respiration

COG Categories
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NikR I-Modulon

Regulated by: NikR
Biological Function: Nickel homeostasis
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NtrC + RpoN I-Modulon

Regulated by: NtrC and RpoN
Biological Function: Nitrogen starvation response

w 0T COG Categories
.
< 0.25 Amino acid transport and metabolism (21): argT, asnA,
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£ g2k . glnK, gltl, hisP, patA, potF, ygeW, yhdX, yhdY, yhdZ
8 ° Inorganic ion transport and metabolism (6): chaC, ddpB,
(i 0.15 | °. ddpC, mgtA, rcnA, yeaR
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OxyR I-Modulon

Regulated by: OxyR
Biological Function: Peroxide reductases

grxA

o3l o COG Categories
ahoF Posttranslational modification, protein turnover, chaperones
P ° (4): ahpC, ahpF, grxA, trxC
Oxy’.?/ Inorganic ion transport and metabolism (3): dps, katG, yhjA
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I-Modulon Gene Coefficients
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Regulated by: PrpR
Biological Function: Propionate catabolism

B .
prpp <P COG Categories
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PurR -1 I-Modulon

Regulated by: PurR
Biological Function: Purine Biosynthesis

urE urT ~ xanP .
" P \’p\\ . COG Categories
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PurR -2 I-Modulon

Regulated by: PurR
Biological Function: Pyrimidine biosynthesis

1 B .
04 Py T COG Categories
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PuuR I-Modulon

Regulated by: PuuR
Biological Function: Putrescine catabolism

uuD .
puuB P . COG Categories
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Pyruvate I-Modulon

Regulated by: BtsR or YpdB or PdhR
Biological Function: Pyruvate transport and metabolism
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RbsR I-Modulon

Regulated by: RbsR
Biological Function: D-ribose catabolism

0.20 - .
[TbsA COG Categories
» o sc” PP Carbohydrate transport and metabolism (5): rbsB, rbsC,
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RcsAB |-Modulon

Regulated by: RcsAB
Biological Function: Colanic acid capsule formation

025 . COG Categories
» . Cell wall/membrane/envelope biogenesis (12): gmd, ugd,
< 020 *
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K9] d wzxC
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RpoH I-Modulon

Regulated by: RpoH
Biological Function: Heat shock response

o8 ibpA COG Categories
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0.15 |- COG Categories
%) L]
z Carbohydrate transport and metabolism (10): amyA, fbaB,
32 o . @ otsA, otsB, talA, tkiB, treA, ydcS, ylil, yniA
— .,
% 0.10 |- ° . oo 5’ ° Amino acid transport and metabolism (9): gabP, gabT, ggt,
8 ¢ .. . osmF, patA, poxB, yehW, yehX, yehY
) Energy production and conversion (7): adhP, ahr, aldB,
5 0.05 - gabD, IhgO, rclA, yahK
(2 Transcription (5): mcbR, miIrA, osmE, yhcO, yiaG
o Inorganic ion transport and metabolism (4): bfr, katE, sodC,
> 0.00 fdC
'8 y
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RpoS I-Modulon

Regulated by: RpoS
Biological Function: General stress response
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SoxS I-Modulon

Regulated by: SoxS
Biological Function: Oxidative stress response

0.4 COG Categories
Carbohydrate transport and metabolism (6): cpsG, mdtG,

2 ® .
% 03 nepl, treF, yeil, zwf
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S nfsA, pfo
8 02 . Amino acid transport and metabolism (4): aegA, frvX, poxB,
[ ]
0] rspB
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O o1t s eyt * oA
.
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SrIR + GutM I-Modulon

Regulated by: SrIR and GutM
Biological Function: Sorbitol catabolism

1B .
ok o COG Categories

» sriA D ® Carbohydrate transport and metabolism (3): srlA, sriB, srlE
0 :
S SAE" o Transcription (1): sriM
‘S M
% 02 S0 Function unknown (1): sriD
[0]
o]
O
[0) L
2 0.1 . °
() .
c RN T R R T e T )
S ool & ] ‘% $0900° * o0

¢ h 3 2
3 RACL O A oo .
[e] e o .
El .
- -01F

L L L L L L L L L

0 2 4 6 8 10 12 14 16

Baseline Expression (log-TPM)
Study Acid Nac/ OmpR Cra/ RpoB  Crp Glucose 42C Substrate- PGIKO Current Unchar.  False Enz. Pseudogene
Iron  Oxid. NtrC Misc Omics MinSpan Crp Knock-in ARs Evol.  Evol. switching Evol.  Evol. Study TFs Pos. Promisc. Repair

|-Modulon Activity

Condition

ID

Count (log scale)

20
OH - T lL_l 1 I""‘J“\-'N—|J| -,,J, ?hdl.t*fwh‘lf

L
STIISTEITYS
o

P D L ST DR AR P )
:‘:':‘:‘:‘:m§auuuuuou;§§§§%§%§g‘;muu Gt
Se55as Ny T SRR Sonoo00sE

N Unregulated
3 by any
10 F [ Regulated by both
F P-value = 3e-15
R [ N Eetr Precision = 100%
) B Recall = 71%
10"
=
0 I - sriM sriD srlE  srlA  sriB
10 E . . . S I s
-01 0.0 0.1 0.2 0.3 04
I-Modulon Gene Coefficients
B RZ, =040 LI
20k e  Conditions
>
=
= 151
<
2 5) 0 c 10F
) ) © S
o 51
o
=
L O0f
I-Modulon Sr
Regulon L L L L L
Ggenes Genes . A 7 A S

srIR Expression Level

181



Thiamine I-Modulon

Regulated by: Thiamine
Biological Function: Thiamine biosynthesis

030 L mu:_l%m'c COG Categories
- i
» this thiG Coenzyme transport and metabolism (10): thiB, thiC, thiD,
g 0.25 : d thiE, thiF, thiG, thiH, thiM, thiQ, thiS
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I-Modulon Gene Coefficients
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Tryptophan I-Modulon

Regulated by: TrpR or trp-tRNA attenuation or Tryptophan attenuation
Biological Function: Tryptophan Biosynthesis

r D, e COG Categories
y toC ° Amino acid transport and metabolism (11): aroF, aroH, mtr,
N [ e tA tnaA, tnaB, trpA, trpB, trpC, trpD, trpE, tyrA
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XyIR I-Modulon

Regulated by: XyIR
Biological Function: Xylose catabolism

xylA -
" Y COG Categories
“g 031 xylE xyIG ° Carbohydrate transport and 'metalbolism (9): xylA, xylIB, xylE,
5 XyH <« 5 xylF, xylH, yagG, yagH, yicl, yic]
% 02 yic 'Xy yagH Inorganic ion transport and metabolism (1): xy/G
8 ’ T yagG g Transcription (1): xy/R
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Ygbl I-Modulon

Regulated by: Ygbl
Biological Function: Unknown Function

Jobl Jyobd COG Categories
. JabK ° Carbohydrate transport and metabolism (4): araA, kdul,
03 ° ygbL, ygbM
yabM @® Amino acid transport and metabolism (2): dmlIA, ygbN
g @ Lipid transport and metabolism (2): g/xR, ygb/
5] ygbN .
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Yiad I-Modulon

Regulated by: YiaJ
Biological Function: Ascorbate utilization

ylaL/ iaK .
sl viaM v COG Categories
» ) - yiaO Carbohydrate transport and metabolism (8): lyxK, sgbE,
=3 yiaN o . . . .
c . sgbH, sgbU, yialL, yiaM, yiaN, yiaO
D o, sgbH ~sgbU ) ; )
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YieP I-Modulon

Regulated by: YieP
Biological Function: Unknown

03 ohJ :
o 4 COG Categories
yohK Transcription (3): adiY, ybaO, yieP
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Yned I-Modulon

Regulated by: YneJ
Biological Function: Unknown Function

sad COG Categories
03 @® Amino acid transport and metabolism (1): g/sB
® Coenzyme transport and metabolism (1): entC
02 Energy production and conversion (1): sad
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Zinc |I-Modulon

Regulated by: ZntR or Zur
Biological Function: Zinc homeostasis

zinT -
" ) 7 COG Categories
z 051 S Inorganic ion transport and metabolism (5): copA, zntA,
.g ZnuA, znuB, znuC
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crp — KO I-Modulon

Biological Function: Accounts for crp knock-out

- iE .
02 PSE year COG Categories
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curli I-Modulon

Biological Function: Curli assembly
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deletion -1 I-Modulon

Biological Function: Large deletion of 39 genes during evolution

020 . COG Categories
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deletion -2 I-Modulon

Biological Function: Large deletion of 171 genes during evolution

COG Categories
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015 F
COG Categories
L]
Cell wall/membrane/envelope biogenesis (16): bhsA, galE,
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duplication =1 I-Modulon

Biological Function: Large duplication of 129 genes during evolution
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e14 - deletion I-Modulon

Biological Function: Removal of e14 prophage
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efeU -repair I-Modulon

Biological Function: Accounts for repair and expression of efeU operon
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entC — menF - KO I-Modulon

Biological Function: Accounts for entC and menF knock-outs
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fimbriae I-Modulon

Biological Function: Fimbriae assembly

fiml - fimA COG Categories
oal ) .ﬁmc/ @® Amino acid transport and metabolism (1): thrA
JimD Cell motility (1): fimi
fimF_ hmG Cell wall/membrane/envelope biogenesis (1): fimD
m

Posttranslational modification, protein turnover, chaperones
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flu -

yeeRS I-Modulon

Biological Function: Genes in CP4-44 prophage
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fur - KO I-Modulon

Biological Function: Accounts for fur knock-out
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gadWX - KO I-Modulon

Biological Function: Accounts for gadW and gadX knock-outs

gadw COG Categories
Transcription (1): gadX
® No COG Annotation (1): gadW
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insC1 .
" COG Categories
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insertion I-Modulon

Biological Function: IS2 insertion element after laboratory evolution
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iron - related I-Modulon

Biological Function:

Related to iron metabolism
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lipopolysaccharide I-Modulon

Biological Function: Lipopolysaccharide biosynthesis

COG Categories
Cell wall/membrane/envelope biogenesis (8): glf, waaO,
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membrane I-Modulon

Biological Function: Enriched in membrane-bound proteins
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nitrate — related I-Modulon

Biological Function: Nitric oxide response

0.25 .
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Operons with Upstream Motif: 75%
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proVWX I-Modulon

Biological Function: Glycine betaine transport

020 F proW COG Categories
. e proX . . N
pmva @® Amino acid transport and metabolism (3): proV, proW, proX
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purR — KO I-Modulon

Biological Function: Accounts for purR knock-out

osl purR COG Categories
® Nucleotide transport and metabolism (2): add, pyrE
Transcription (1): purR
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05 R COG Categories
@ Carbohydrate transport and metabolism (1): pgi
04 Function unknown (2): ecnA, yoaK
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sgrT I-Modulon

Biological Function: Contains single dominating gene: sgrT

I-Modulon Gene Coefficients
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thrA - KO I-Modulon

Biological Function: Accounts for thrA knock-out

05 JhrA COG Categories
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translation I-Modulon

Biological Function: Enriched in translation machinery
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ydcl = KO I-Modulon

Biological Function: Accounts for ydcl knock-out

yael COG Categories
05k Energy production and conversion (1): g/tP
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yheO - KO I-Modulon

Biological Function: Accounts for yheO knock-out
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Uncharacterized |I-Modulon #1

Biological Function: Unknown Function
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COG Categories
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Biological Function: Unknown Function
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Uncharacterized I-Modulon #3

Biological Function: Unknown Function

cspA COG Categories
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Uncharacterized |I-Modulon #4

Biological Function: Unknown Function
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Uncharacterized I-Modulon #6

Biological Function: Unknown Function
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Appendix C

Matrix factorization recovers
consistent regulatory signals from

disparate datasets
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C.1 Supplementary Figures
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Figure C.1: Reciprocal best hit (RBH) graph containing all edges from the five datasets. Edges
with an IC Gene Coefficient similarity score below 0.3 were pruned from Figure
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Figure C.2: Characteristics of the only Genomic i-modulon found in more than one dataset.
(a) Activities of the i-modulon in the RNAseq-1 dataset separate E. coli strains evolved for
growth on the non-native carbon source D-lyxose from the other strains in the compendium. (b)
Activities of the uncharacterized i-modulon in MA-1 that was linked to the i-modulon described in
panel (a). Seven strains were evolved in parallel for growth on D-lactate, but only two endpoint
strains (named Lac2 and Lac3) exhibited high i-modulon activities. These strains were not
resequenced, so the adaptive mutations cannot be confirmed. (c) Scatter plot showing the IC gene
coefficients corresponding to the i-modulons described in panel (a) (in black) and panel (b) (in
red). Thresholds determining i-modulon composition are indicated by dashed lines. The genomic
duplication from the D-lyxose-evolved strains is highlighted in gray. Two transcription units
outside of the duplicated region were captured in both i-modulons, the galETK transcription
unit, and the galP gene. These genes are responsible for D-galactose catabolism.
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Figure C.3: Investigation of an irregular i-modulon cluster. (a) The irregular i-modulon cluster
shows that two i-modulons from the RNAseq-1 dataset are indirectly connected. (b) Scatterplots
of the IC gene weights for the i-modulons highlighted in (a). The pearson R correlation of the
IC gene weights is shown below. The two RNAseg-1 i-modulons show no correlation, but still
contain a few genes in common, indicating that the expression of these shared genes are controlled

by two distinct underlying sources.
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Figure C.4: ICA elucidates similar structures in the E. coli transcriptome and proteome. (a)
Venn diagram showing the coverage of genes in transcriptomics and proteomics datasets. (b)
Scatter plot between the two uncharacterized i-modulons highlighted in Figure 4. Although most
genes in the RNAseg-1 i-modulon are absent from the proteomics dataset, the genes with the
highest IC gene coefficients in either i-modulon are mostly chaperone proteins (mostly periplas-
mic), proteases, or lipoproteins.
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Figure C.5: ICA finds similar structures in the transcriptome and proteome. (a) Histogram
of the percent of total expression explained by each independent component in the individual
datasets. Components that are maintained (i.e. identify an RBH hit with the full compendium
decomposition) are colored in pink, whereas components that are lost upon data integration
are colored in blue. (b) Pie chart illustrating the classes of the new i-modulons extracted from
the combined datasets. (c) Histogram of the IC gene coefficients of a Single Gene component.
Dashed lines indicate the i-modulon threshold. (d) Schematic illustration of the various processes
encoded by the genes in the Central Dogma i-modulon.
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Figure C.6: Effects of data integration on i-modulon structure and activity. (a) Schematic
illustration of precision, recall, and F1-score. (b) Boxplots of the F1-scores between i-modulons
and their associated regulators for Regulatory i-modulons. Only Regulatory i-modulons in the
individual dataset that found a reciprocal best hit in the full compendium are shown in the left
boxplot, and the RBH of these i-modulons in the full dataset are shown in the right boxplot. (c)
Histogram of absolute Spearman correlations between i-modulon activities in components that
are RBHs in the full dataset compared to the individual datasets.
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Appendix D

Decomposition of transcriptional
responses provides insights into

differential antibiotic susceptibility
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D.1 Supplementary Figures
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Figure D.1: Bar charts show the i-modulon activities for (a) Res-related i-modulons; (b) motility
i-modulons. Individual measurements for biological replicates are plotted on top of bars. The
ResC-related i-modulon is discussed in Chapter
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Figure D.2: Heatmap of i-modulon activities after antibiotic treatment.
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Figure D.3: Bar chart of fear-greed i-modulon activities, including the (a)

(b) RpoS i-modulon; (¢) GadEWX i-modulon; (d) GadWX i-modulon.
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Figure D.4: Bar chart of nutrient-related i-modulon activities, including the (a) PurR-1 i-
modulon; (b) PurR-2 i-modulon; (c) His-tRNA i-modulon; (d) Leu/Ile i-modulon.
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Figure D.5: Venn diagram of genes in the Fur i-modulons.
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