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Transcription factors (TFs) control gene expression by direct or indirect activation 

or repression of target genes. The microorganisms adapt to changing environments 

through the gene expression. It is necessary to discover and characterize all the TFs in 
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the bacteria. However, the current knowledge on how TFs regulate the target genes in 

the transcriptional regulatory networks (TRNs) has remained limited due to an incomplete 

knowledge of the TFs in the bacteria. With the availability of genome-scale experiments 

and high-throughput sequencing, scientists have made tremendous advances in 

deciphering the details of the TFs and structures of the TRNs at the system level. For 

example, Chromatin immunoprecipitation sequencing and Chromatin 

immunoprecipitation combined with lambda exonuclease digestion (ChIP-seq/ChIP-exo) 

has enabled researchers to identify DNA binding sites for transcription factors (TFs) on a 

genome-wide basis. The application of next-generation sequencing (NGS) provides an 

affordable approach to generate a large number of datasets, which give insight into the 

understanding of transcriptional regulation networks (TRNs).  

In this dissertation, I am interested in applying genome-wide approaches (ChIP-

exo and RNA-seq) to characterize the binding specificity of TFs and explore the hierarchy 

structure of TRNs. First, A pipeline to identify the uncharacterized TFs is developed and 

applied to the model strain Escherichia coli K-12 MG1655. Next, a high-throughput ChIP-

exo method are utilized to validate the candidate TFs and discover the binding specificity 

at the genome in Escherichia coli K-12. In addition, to overcome the challenge of DNA-

manipulation in gram-positive strain, monoclonal antibody for transcriptional factor CodY 

is generated and applied to identify genome-wide binding in Staphylococcus aureus. Last, 

the reconstruction of strain-specific Fur regulon and pan-regulon is utilized to study the 

conservation of Fur transcription regulation in the Escherichia coli strains. Our data 

indicate that the gene expression of target genes is disparate, though the binding pattern 

is highly conserved within E. coli. 
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Chapter 1: Systematic discovery of uncharacterized transcription factors in 

Escherichia coli K-12 MG1655 

 

1.1 Abstract 

Transcriptional regulation enables cells to respond to environmental changes. Of 

the estimated 304 candidate transcription factors (TFs) in Escherichia coli K-12 MG1655, 

185 have been experimentally identified, but ChIP methods have been used to fully 

characterize only a few dozen. Identifying these remaining TFs is key to improving our 

knowledge of the E. coli transcriptional regulatory network (TRN). Here, we developed an 

integrated workflow for the computational prediction and comprehensive experimental 

validation of TFs using a suit of genome-wide experiments. We applied this workflow to 

1) identify 16 candidate TFs from over a hundred uncharacterized genes; 2) capture a 

total of 255 DNA binding peaks for ten candidate TFs resulting in six high-confidence 

binding motifs; 3) reconstruct the regulons of these ten TFs by determining gene 

expression changes upon deletion of each TF; and 4) identify the regulatory roles of three 

TFs (YiaJ, YdcI, and YeiE) as regulators of L-ascorbate utilization, proton transfer and 

acetate metabolism, and iron homeostasis under iron-limited condition, respectively. 

Together, these results demonstrate how this workflow can be used to discover, 

characterize, and elucidate regulatory functions of uncharacterized TFs in parallel. 



 

2 
 

 1.2 Background 

Transcription factors (TFs) modulate gene expression in response to 

environmental perturbations by interacting with a combination of sigma factors, RNA 

polymerase (RNAP), activating metabolites, and inorganic compounds. These signals 

collectively lead TFs to bind to specific DNA sequences referred to as binding sequence 

motifs (Cannon et al., 1993). Microorganisms, therefore, can quickly adapt to diverse and 

extreme environmental conditions. In transcriptional regulation, genes are indirectly or 

directly regulated by one or more TFs. A set of genes directly controlled by the same TF 

are considered to belong to a regulon (Gama-Castro et al., 2015), with the complete set 

of regulons forming the transcriptional regulatory network (TRN).  

Databases such as EcoCyc (Keseler et al., 2011, 2017), RegulonDB (Gama-

Castro et al., 2015), and TEC (Ishihama et al., 2016) maintain large amounts of 

information about TFs. However, a complete TRN for individual organisms still does not 

exist due to challenges outlined below.  

 

Identifying all TFs. The genome-scale annotation of genes is required for the 

identification of the complete set of TFs. The emergence of high-throughput DNA 

sequencing has created a large number of candidate protein-encoding DNA sequences, 

leading to an increased demand for the discovery and annotation of protein functions. 

However, assigning a physiological function to the sequenced but uncharacterized genes 

is still a substantial challenge (Galperin & Koonin, 2010; Liolios et al., 2010). For example, 

although Escherichia coli K-12 MG1655 has one of the most widely studied genomes, a 

functional annotation is still missing for approximately 30% of its genes (Chang et al., 
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2016; Ghatak et al., 2018). This lack of annotation includes an estimated 50-80 

uncharacterized TFs in E. coli K-12 MG1655 (Ishihama et al., 2016). The percentage of 

uncharacterized genes in other strains is even higher. Thus, a new workflow is needed to 

predict and validate a complete set of TFs in prokaryotes.  

 

Characterizing transcription factor binding sites (TFBS). Genome-wide 

characterization of TFBS is essential for the reconstruction of a global TRN. Despite a 

significant amount of knowledge about microbial TFs in databases and the literature, the 

binding activities of many TFs remain to be discovered. Traditionally, TFBS are identified 

through approaches such as DNase I footprinting and electromobility shift assays, which 

are limited to the interactions between TFs and single targets (Minchin & Busby, 2009). 

With advances in genome-wide research technologies, many TFs have been 

experimentally investigated using the systematic evolution of ligands by exponential 

enrichment (SELEX) and chromatin immunoprecipitation with microarray (ChIP-chip) or 

by sequencing (ChIP-seq) (B.-K. Cho et al., 2008, 2011; Elmas et al., 2015; Ishihama et 

al., 2016; Ogawa & Biggin, 2012; Shimada et al., 2018; H. Zhang et al., 2012). Recently, 

the ChIP-seq protocol has been combined with an exonuclease treatment (ChIP-exo) to 

reflect in vivo regulatory interactions between TFs and target genes at a single-base-pair 

resolution (Rhee & Pugh, 2012a). Moreover, ChIP-exo can be easily applied to 

investigate differential binding patterns of the same TF under different environmental 

conditions (Beauchene et al., 2015, 2017; Kim et al., 2018). Thus, ChIP-exo provides us 

with a robust approach to characterize TFBS at the genome-scale.  
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Reconstructing TRN. Several computational approaches have been developed 

for the reconstruction of the TRN, including the use of gene expression data (Fang et al., 

2017; Fu et al., 2011), regulon-based associations (Zare et al., 2009), and integrated 

analysis with metabolic models (Faria et al., 2014). The expression data-driven approach 

for TRN reconstruction was widely used to predict transcription factor activities in E. coli 

K-12 MG1655. Recently, we have supplemented ChIP-exo with transcription profiling to 

describe the regulons of major TFs, including Cra, ArgR, Fur, OxyR, SoxRS, OmpR, and 

GadEWX (S. Cho et al., 2015; Kim et al., 2018; Seo et al., 2014a, 2017; Seo, Kim, O’Brien, 

et al., 2015; Seo, Kim, Szubin, et al., 2015a). Therefore, this well-described approach is 

successfully applied to TRN reconstruction.  

Here, we address these three challenges through the development of an integrated 

computational and experimental workflow to discover uncharacterized TFs in prokaryotes. 

Using E. coli K-12 MG1655 as an example, we combined a previously published 

computational approach with biological knowledge to identify candidate TFs for 

experimental validation. Given the resulting list of candidate TFs, we then examined their 

DNA-binding domains, predicted their active conditions, and performed an in vivo 

experimental validation of predicted DNA-binding capabilities. This workflow resulted in 

the elucidation of the biological functions of three uncharacterized TFs (YiaJ, YdcI, and 

YeiE) through an in-depth analysis of mutant phenotypes. Together, these results 

demonstrate the utility of our systematic identification workflow and provide a roadmap 

for its use in other organisms. 
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1.3 Results 

Establishing a workflow to discover uncharacterized transcription factors 

This workflow consisted of computational prediction, knowledge-based 

classification, and experimental validation of candidate TFs at the genome-scale (Figure 

1.1). TFpredict is a machine learning algorithm that uses sequence homology to predict 

whether a given protein is a TF (Eichner et al., 2013). The uncharacterized protein 

sequences in E. coli K-12 MG1655 were evaluated using the model trained by TFpredict 

with the data from the proteobacteria (see Methods). The output from TFpredict was a 

rank-ordered list of uncharacterized candidates based on the likelihood of their being a 

TF. The initial output from TFpredict was reduced down to 474 primary candidates by 

excluding the lowest confidence scores (arbitrary cutoff value of 0.05) and proteins with 

no homologs (and therefore no prediction from TFpredict).  

To further exclude false positives, the primary candidates were categorized into 

three groups based on the predicted interactions between candidates and DNA 

sequences (Table 1.1). The first group contains candidates whose interactions with DNA 

were studied in vitro with gel shift assays (Hellman & Fried, 2007) or SELEX (Ishihama 

et al., 2016; Riley et al., 2014), yet their in vivo biological functions remain largely 

unknown. The second group consists of candidates whose interactions with DNA could 

be predicted according to a well-studied homologous TF in a closely related strain. The 

third group includes candidates without available information about the protein-DNA 

interactions.  

Considering that uncharacterized TFs are likely to be expressed at low levels, 

especially at non-active conditions (Janga & Contreras-Moreira, 2010), it is necessary to 
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predict the conditions under which uncharacterized TFs are active. This classification also 

suggests the group-specific strategies to predict experimental conditions for the 

downstream ChIP-exo experiment (Table 1.1). The activating conditions for candidate 

TFs could be inferred based on the characterization of the interaction between candidates 

and DNA. For the first group, the conditions were inferred based on biochemical features 

of binding targets, e.g., a previous study showed that yiaJ might be involved in the 

catabolism of rare carbon sources (E. Ibañez et al., 2000). The conditions for the second 

group were inferred from functional studies of a homologous TF in a closely related strain. 

For example, ydcI is a highly conserved gene and is responsible for pH stress response 

in Salmonella enterica serovar Typhimurium (Jennings et al., 2011), thus it is likely to 

function at similar conditions in E. coli K-12, though it may play multiple biological roles. 

For the third group, the conditions were inferred based on expression profiling data from 

the NCBI GEO repository (Barrett et al., 2013; Trapnell et al., 2010b) (Supplementary 

Figure 1.4). If the expression level of the candidate TF is relatively high under a particular 

condition, it might be inferred as a test condition. The data showed that yeiE is highly 

expressed in glucose medium compared to other conditions. In this study, the 

characteristics of candidates were analyzed, and their active conditions were predicted 

accordingly.  

To prioritize the candidate TFs for experimental validation, an initial subset of 16 

candidates was chosen from three groups (Table 1.1). Next, to examine whether selected 

candidates have DNA-binding peaks at the genome-scale, ChIP-exo experiments were 

conducted at predicted conditions. For those candidates having DNA-binding sites, the 

expression profiles upon deletion of each TF were further investigated. Combining DNA 
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bindings from ChIP-exo with gene expression, the hypotheses for the regulatory functions 

of candidate TFs were formed. To further test the hypotheses, mutant phenotypes were 

measured and then analyzed under active conditions (Figure 1.1). 

 

Capturing a genome-wide distribution of uncharacterized transcription factors 

(TFs) 

To validate the in silico predictions of candidate TFs, the ChIP-exo experiment was 

employed to determine the in vivo genome-wide DNA-binding events of each candidate 

during growth under active conditions. The global binding profiles for all candidates were 

examined using the peak calling algorithm MACE and confirmed that 10 out of 16 were 

DNA-binding proteins (Figure 1.2A). A total of 255 reproducible binding peaks were 

identified for 241 unique binding sites. Of the six unconfirmed candidates, YagI and YjhU 

had high confidence scores (score >0.8). Therefore, it is possible that these proteins are 

TFs, but are not active under the basal condition used here.  

Compared to known global TFs, these ten uncharacterized TFs exhibit some 

interesting regulatory features. First, they have more intragenic binding peaks and fewer 

peaks located within putative regulatory regions. The binding sites from these confirmed 

TFs showed that only 41% (98 of 241) were located in putative regulatory regions 

(promoters and 5’-proximal to coding regions). Second, individual uncharacterized TFs 

had fewer binding peaks than those of global TFs such as CRP, Lrp, Fnr, and ArcA (B.-

K. Cho et al., 2008; Federowicz et al., 2014; Grainger et al., 2005). Most of the 

uncharacterized TFs have 3-25 binding sites under active conditions, while global TFs in 

E. coli usually have more than 40 binding sites. Third, the uncharacterized TFs bind to 
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more genes with putative functions (Supplementary Figure 1.5). Finally, the average 

expression level of these uncharacterized TFs is relatively lower than the majority of 

global TFs. These observations are consistent with the previous study showing that TF 

position in the TRN hierarchy network is correlated with its expression levels, its number 

of target genes, and its scope of regulatory function (Janga et al., 2009). TFs in the top 

hierarchy usually have high protein concentration in the cell, and regulate a significant 

number of genes of diverse functions. On the contrary, these candidate TFs are likely 

located in the lower levels of the E. coli hierarchical TRN, and may regulate local specific 

physiological functions instead of broad biological roles.  

Next, for six of the ten confirmed TFs, the conserved binding motifs were further 

analyzed using the MEME algorithm (E-value < 10-10) (Figure 1.2B) (Bailey et al., 2009b). 

Interestingly, the consensus binding motifs were palindromic, suggesting a dimeric 

protein conformation. Specifically, the transcriptional factor binding sites (TFBS) of YdcI 

and YbiH enclose AT-rich inverted repeats separated by 7-nt. This finding is consistent 

with the structural predictions (Table 1.2, Supplementary Figure 1.6) that these 

candidate TFs likely form homodimers or tetramers, which facilitate tight binding to DNA 

molecules in the cell.  

 

Interactions between uncharacterized TFs and RNA polymerase (RNAP) 

A transcriptional repressor down-regulates transcription by steric exclusion of 

RNAP from the promoter regions. To determine the interaction between the 

uncharacterized TFs and RNAP, the binding sites of the uncharacterized TFs were 

compared with the -10 and -35 promoter elements occupied by RNAP. Three interaction 
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modes were observed based on their relative location: 1) downstream (D): TF binds 

downstream of the -10 and -35 promoter region (Figure 1.3A); 2) upstream (U): TF binds 

upstream of the -10 and -35 promoter region (Figure 1.3B); and 3) overlap (O): TF binding 

site coincides with the -10 and -35 promoter region (Figure 1.3C). To further illustrate 

how different TF-RNAP interaction modes may affect TF function, the regulatory effects 

on the target genes were characterized by their differential expression in ΔTF strain with 

respect to WT.  

To demonstrate how binding sites of uncharacterized TFs interact with RNAP in 

vivo, four candidate TFs (YeiE, YieP, YiaJ, YafC) were used as representatives, since 

they showed a large number of binding sites. The most common binding mode for these 

transcription factors is downstream of the RNAP binding region. This binding mode 

commonly results in the repression of the target gene (13/19 or 68%). For example, YeiE 

represses and binds downstream of the RNAP binding region of the gene dcuC (Figure 

1.3A). However, the upstream binding mode is more commonly activated, as shown by 

yoaC (Figure 1.3B). Three of the four binding sites that overlap with the RNAP binding 

location lead to the repression of the target genes serC, yceA, and putA (Figure 1.3C). 

Genes having upstream, downstream, or overlap modes from these four representatives 

mentioned earlier were determined (Figure 1.3D). This data suggested that 

transcriptional regulation by uncharacterized TFs are likely mediated by using steric 

exclusion mechanisms, though this pattern is not always true, as in gltF, rpmI, ilvN, and 

htpG. It is possible that other TFs are involved in the regulation of these target genes 

(Supplementary Figure 1.7) (Friden et al., 1984; Hommais et al., 2004; Lemke et al., 

2011; Lestienne et al., 1984). Together, these data demonstrated that different sets of 
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uncharacterized TFs have similar regulatory mechanisms, though they may have different 

biological functions.  

To confirm the regulatory roles of candidate TFs, three of ten candidates identified 

by ChIP-exo (YiaJ, YdcI, YeiE) from three different groups were selected for further 

analysis, respectively. These three case studies illustrate how experimental observations 

from ChIP-exo and RNA-seq can be used to infer regulatory functions of a candidate TF. 

The binding sites of YiaJ and YdcI directly indicated their potential functions, so mutant 

phenotypes were used to validate biological roles. The genome-wide binding sites for 

YeiE showed that it is involved in diverse biological processes. Therefore, integration of 

expression profiling data with ChIP-exo was used to infer its potential roles in addition to 

mutant phenotype validation. 

 

Case I: YiaJ regulates genes that are responsible for the utilization of L-ascorbate. 

Group I contains candidates whose biochemical activities were studied in vitro, yet 

their in vivo biological functions still remain unclear. One of the candidates is YiaJ, which 

has been studied in vitro by gel mobility shift assays (Ester Ibañez et al., 2000; Yew & 

Gerlt, 2002). However, in vivo analysis of direct interactions between YiaJ and DNA in E. 

coli has not been reported. In this study, we found that there were two binding peaks 

between the yiaJ and yiaKLMNOPQRS (yiaK-yiaL-yiaM-yiaN-yiaO-lyxK-sgbH-sgbU-

sgbE) operon (Figure 1.4A, Supplementary Figure 1.8). One binding peak suggested 

autogenous regulation and the other showed that YiaJ binds to a promoter region of the 

yiaK-S operon, which occupied the position of RNAP. We compared the expression data 

of the yiaK-S operon in the wild type and yiaJ deletion strain (Figure 1.4B) and found that 
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the expression of the operon yiaK-S was highly up-regulated in the deletion strain. This 

result suggests the repression function of YiaJ on the yiaK-S operon. A previous study 

showed that YiaJ might be involved in the utilization of an uncommon carbon sugar (E. 

Ibañez et al., 2000). To further identify the substrate catabolized by the yiaK-S operon, 

we compared the products of the yiaK-S operon with the known operon ulaABCDEF 

encoding for catabolic enzymes in the utilization of L-ascorbate, and found that the yiaK-

S operon encodes similar catabolic enzymes in the L-ascorbate degradation pathway. 

Thus, we proposed the regulatory role of YiaJ in E. coli, based on the products of the 

yiaK-S operon (Figure 1.4C). When L-ascorbate is imported and converted to L-

ascorbate-6-phosphate by phosphotransferase system (PTS) in E. coli K-12 MG1655, 

expression of YiaJ would be repressed. Subsequently, lyxK, sgbH, sgbU, and sgbE 

encode four metabolic enzymes, L-xylulose kinase, gulonate-6-phosphate, L-xyluose-5-

phosphate-3-epime, and L-ribulose-5-phosphate-4-epime, respectively. They can 

eventually metabolize L-ascorbate-6-phosphate to D-xylulose-5-phosphate. Thus, E. coli 

could ferment L-ascorbate using a branch of the pentose metabolic pathway (Yew & Gerlt, 

2002).  

To verify the function of the repressor YiaJ, the growth profiles of the wild type and 

the yiaJ deletion strain were measured in L-ascorbate medium. The data showed that the 

deletion of gene yiaJ allowed more rapid utilization of L-ascorbate and reduced the lag 

phase compared to wild type (Figure 1.4D). Furthermore, growth profiles suggested that 

the yiaJ deletion strain allowed cells to grow on L-ascorbate medium under microaerobic 

conditions, while the wild type could not. This confirmed that YiaJ is a repressor of operon 

yiaK-S and that it influenced growth under microaerobic conditions. 
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Case II: YdcI is a transcription factor involved in pH homeostasis and acetate 

metabolism.  

Group II consists of highly conserved candidate TFs, which were studied in a 

closely related species. The regulatory function of the LysR-type regulator YdcI in E. coli 

K-12 MG1655 has not been studied with experimental approaches (Ishihama et al., 2016). 

Thus, a ydcI myc-tagged strain was constructed to detect 18 binding sites using ChIP-

exo (Supplementary Figure 1.9).  

Previous studies showed that YdcI is responsible for acid stress resistance in 

Salmonella enterica (Jennings et al., 2011). The protein identity of YdcI was analyzed 

among multiple strains across Gram-negative bacteria, which showed that YdcI encodes 

a highly conserved protein with related homologs present in a range of Gram-negative 

bacterial genera (E. coli K-12 MG1655, S. enterica, K. pneumoniae, and S. flexneri) 

(Figure 1.5A, Supplementary Figure 1.10). Notably, YdcI from E. coli K-12 MG1655 

shares 80% of its identity with that from Salmonella enterica. Given that the function of a 

protein is tightly associated with its sequence, we can hypothesize that YdcI has similar 

biological roles in E. coli K-12 MG1655.  

To test our hypothesis, ChIP-exo experiments for YdcI were conducted at different 

pH conditions (Figure 1.5B). Under low pH conditions, YdcI bound to 16 locations, and 

two-thirds of these binding peaks were found in intergenic regions. Under neutral or high 

pH conditions, YdcI bound to all sites identified at low pH conditions but had differential 

binding intensity. Thus, the ratio of signal to noise (S/N) was analyzed. The data showed 

that YdcI had the highest average binding intensity at high pH medium (Figure 1.5C). 

More important, we found that four of the intergenic target genes (nhaA, dtpA, lldP, and 
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gltP) encode proton transporters, which play important roles in the acidic/alkaline 

conditions. Especially, as a major cation/proton antiporter, NhaA reveals a prominent role 

in alkaline pH homeostasis (Krulwich et al., 2011). Therefore, the growth phenotypes of 

the ydcI deletion strain were examined at low pH, neutral pH, and high pH media (Figure 

1.5D). At pH 5.5 or pH 8.5, the ydcI deletion strain showed significant growth defects 

compared to the wild type. However, there was no defect observed at neutral pH 

conditions. These data confirmed that YdcI is required to maintain physiological activity 

at acidic/alkaline conditions in E. coli.  

Additionally, there were two binding sites in the proximity of known ncRNAs 

(Supplementary Figure 1.11). In panel A, YdcI binding regulates the transcription of 

nhaA encoding Na:H+ antiporter. There is a small RNA sokC annotated as antisense 

RNA sokC blocking mokC and hokC (Franch et al., 1999). In panel B, YdcI binds to the 

promoter region of yobA. At the downstream of binding event, there is a small RNA sdsR, 

which is base-pair with some part of mutS coding region. Deletion of sdsR decreases 

ampicillin-induced mutagenesis (Gutierrez et al., 2013). Overexpression of SdsR 

decreases biofilm development and swarming motility (Bak et al., 2015). This data 

showed that no YdcI binding was found upstream of ncRNAs, indicating that YdcI does 

not directly regulate ncRNAs.  

YdcI has another important binding site at the gene gltA, which encodes a citrate 

synthase in E. coli K-12 MG1655. It is induced and becomes the rate-limiting step for the 

TCA cycle when acetate is the sole carbon source (Walsh et al., 1987; Walsh & Koshland, 

1985). A previous study hypothesized that YdcI may regulate the carbon flux in the TCA 

cycle through gltA expression (Nishio et al., 2013). To test this hypothesis, the growth of 
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E. coli WT and the ydcI deletion strain were compared in acetate medium (Figure 1.5E). 

The ydcI deletion strain grew significantly faster than the wild type, showing that YdcI 

represses the gene gltA. The acetate uptake rate increased upon ydcI deletion compared 

to WT using high-performance liquid chromatography (HPLC), which confirmed that YdcI 

is also involved in regulating the carbon flux in the TCA cycle. 

  

Case III: YeiE is a transcription factor that is involved in iron homeostasis. 

Group III includes candidates with neither biochemical characterization nor 

biological function prediction. Among them, the global binding profile of LysR-type YeiE 

showed over 100 binding sites across the E. coli K-12 MG1655 genome (Supplementary 

Figure 1.12) (Ishihama et al., 2016). Target genes of YeiE are involved in diverse 

biological processes, including transport and metabolism, cell wall/membrane biogenesis, 

signal transduction, and transcriptional regulation (Figure 1.6A). Furthermore, functional 

classification showed that approximately 42% (43 /102) of YeiE bindings are involved in 

main transport processes, including amino acids, carbohydrate, and inorganic ions, 

though it is not significantly enriched in any functional group. This data suggests that YeiE 

may play multiple biological roles in E. coli K-12 MG1655. To further investigate the 

potential functions of YeiE, the expression profiles of the △yeiE strain were examined. 

Three Clusters of Orthologous Groups (COGs) functional groups were significantly (p-

value < 0.01) associated with the functions of YeiE: energy production and conversion, 

amino acid transport and metabolism, and inorganic ion transport and metabolism 

(Supplementary Figure 1.13). Notably, many metal ion homeostasis-related genes, 

such as entS, entC, cirA, fhuA, fhuF, fepB, and feoA, were down-regulated in the yeiE 
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deletion strain (Figure 1.6B). These results suggest that YeiE may be involved in the iron-

uptake regulation pathway.  

To examine the role of YeiE in inorganic ion transport and metabolism, the growth 

profiles of the wild type and yeiE deletion strain were measured in M9 medium with or 

without iron chelator (Figure 1.6C). There was no appreciable difference between the 

growth profiles of the two strains in the iron-rich condition without iron chelator. With 0.2 

mM of the iron chelator (2,2’-dipyridyl, DPD), the yeiE deletion strain grew slower than 

the wild type in the early-mid log phase. As cells entered into late log phase, different 

growth curves were observed. The differences in the stationary phase between the wild-

type and yeiE deletion strain increased with the concentration of iron chelator in the media. 

When the concentration of iron chelator reached 0.4 mM, neither strain could enter the 

log phase. The fact that this growth defect was only observed under iron-limited 

conditions suggested that YeiE is involved in iron-uptake pathways under these 

conditions. 
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1.4 Discussion 

The characterization of a transcriptional regulatory network (TRN) is an essential 

step in our understanding of organism function and evolution. A critical limitation of this 

step is that a complete set of characterized TFs for an individual organism does not exist. 

Here, this was addressed by the development of an integrated bioinformatic and 

experimental workflow. This workflow was applied to E. coli K-12 MG1655, one of the 

most well-studied organisms. Ten previously uncharacterized TFs were discovered in 

vivo. The regulon for each novel TF was reconstructed, and the physiological roles for 

three of them were determined; YiaJ is involved in the utilization of L-ascorbate (Figure 

1.7A), YdcI is involved in proton and acetate metabolism (Figure 1.7B and C), and YeiE 

is involved in iron uptake under iron-limited conditions (Figure 1.7D). Also, in vivo binding 

patterns of YbiH and YbaO were consistent with the genomic SELEX results, though the 

genome-wide binding profile of YbiH showed some extra target genes (Supplementary 

Figure 1.8) (Shimada et al., 2016; Yamanaka et al., 2016). This suggests that the binding 

patterns of some regulators are very consistent between in vivo and in vitro methods. The 

results of this study have several notable implications.    

First, the ten newly identified TFs represent a 6% increase to the 185 already 

known TFs. Furthermore, new knowledge about the co-binding of candidate TFs and 

known TFs was provided at the genome-scale (Supplementary Figure 1.7). This TF 

discovery workflow enables the systematic examination of the remaining putative TFs 

identified by the initial computational step of the workflow. In this study, six of the 

examined candidate TFs were not found to have any binding sites at test conditions. This 

failure to identify binding sites could have happened for two reasons: 1) our conditions 
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did not activate these TFs (e.g., YagI was recently identified as a regulator of xylonate 

catabolism using the SELEX method in vitro (Shimada et al., 2017); and 2) current 

prediction algorithm methods may generate false-positive candidates. Recently, the 

annotations of YihY and YchA have been updated to putative inner membrane protein 

and transglutaminase-like/TPR repeat-containing protein, respectively, though their 

physiological functions remain unclear (Brinza et al., 2013; Keseler et al., 2017). However, 

it is still necessary to develop a systematic workflow to predict and validate TFs and 

improve our knowledge of the TRN. 

 Second, differential expression data between wild type and uncharacterized TF 

deletion strains allowed us to reconstruct new regulons. A regulatory network containing 

47 new regulatory interactions was reconstructed between candidate TFs and their target 

genes (Supplementary Figure 1.7). Specifically, more regulatory information was added 

for 25 target genes that previously had no known regulator. The reconstructed regulons 

suggest functional associations between both characterized and uncharacterized genes 

(Supplementary Figure 1.14). For instance, as a periplasmic protein, the physiological 

role of GltF in E. coli is still unknown (Keseler et al., 2017). Functional enrichment 

suggests that it may transport inorganic ions or other metabolites. Future experimental 

studies are needed to discover the functions of these uncharacterized genes.  

Third, detailing the functions of three of the ten regulons adds to our understanding 

of the TRN in E. coli. The iron response is a crucial characteristic in most enterobacteria, 

as well as bacteria in general. Although Fur is a well-known TF for the iron response, the 

discovery of YeiE as an active TF under low iron conditions adds to our understanding of 

the overall iron response (Figure 1.7D). Low iron levels are especially important in 
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understanding the interactions between pathogens and hosts (Kortman et al., 2012; 

Skaar, 2010). Transcriptional regulation of ascorbate metabolism has been largely 

unknown, and the discovery of the role that YiaJ plays helps fill this knowledge gap 

(Figure 1.7A). The transcriptional repressor YiaJ belongs to the IclR family and controls 

the hypothetical ascorbate transport system (named yiaMNO) and four genes (lyxK-sgbH-

sgbU-sgbE) encoding ascorbate catalytic enzymes (Ishihama et al., 2016; Z. Zhang et al., 

2003).  

Although the strengths of the presented workflow were demonstrated in the study, 

there is room for improvement to broaden the applicability of the workflow. More 

uncharacterized TFs will be discovered after further experimental validation. The 

characterization of more TFs in databases would allow for a larger training set, improving 

the predictive power of machine learning methods like TFpredict. On the other hand, while 

ChIP-exo is commonly used for the mapping of TF-DNA interactions, its application to the 

elucidation of regulon function is limited by the knowledge of suitable conditions that 

activate a target TF. For non-model bacteria, the lack of biochemical/biological function 

studies may limit the possibility of directly inferring the active conditions from the 

functional studies. To address potential issues with predicting experimental conditions 

under which a TF is expressed, previous studies have used conservation analysis, 

expression profiling data, fitness scores, and investigated basal conditions to predict the 

conditions for candidate TFs (Supplementary Figure 1.15) (Barrett et al., 2013; 

Kolesnikov et al., 2015; Moretto et al., 2016; Price et al., 2018). Furthermore, next-

generation sequencing (NGS) technology has led to an explosion of genomic data, 
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annotations, and expression studies (Tripathi et al., 2016), which would expand the 

availability of the data resources.  
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1.5 Conclusions 

In this study, we have presented a workflow for the systematic discovery of 

uncharacterized TFs, which enables the reconstruction of their regulons. A study of an 

initial set of 16 candidate TFs demonstrated that the workflow could systematically 

elucidate TF functions in E. coli. This workflow also provides a path for the discovery of 

uncharacterized gene functions that were found in the newly discovered regulons. As 

more data is made available, the workflow presented here may pave the way towards a 

more robust discovery of uncharacterized TFs.  
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1.6 Availability of data and materials 

The whole dataset of ChIP-exo and RNA-seq has been deposited to GEO with the 

accession number of GSE111095. All code for the TFpredict algorithm trained on data 

from proteobacteria is freely available on GitHub (https://github.com/draeger-

lab/Tfpredict/tree/prokaryote).  
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1.7 Figures 

 

Figure 1.1 | The scheme of the systematic workflow for discovering 
uncharacterized transcription factors in E. coli K-12 MG1655.  
This workflow consists of computational prediction, knowledge-based classification, and 

experimental validation. The uncharacterized gene sequences of E. coli K-12 MG1655 

are the input data for TFpredict. The output is a rank order list of genes with confidence 

scores. The primary selection is made based on the confidence scores from TFpredict. 

Subsequently, the primary list of genes is categorized into three groups based on the 

confidence level of biochemical/biological roles. An initial subset of 16 candidates was 

selected for experimental validation. Next, genome-wide binding sites were identified by 

ChIP-exo, and differential expression of their target genes was analyzed by RNA-seq. 

Finally, hypothesized functions of selected candidate TFs were inferred by comparing 

phenotypes between wild type and TF knockout mutants.  
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Figure 1.2 | A global landscape of DNA binding events for uncharacterized TFs 

during growth at active conditions. (A) Binding sites identified by ChIP-exo. Verified 

uncharacterized TFs were labeled with colored circles. The numbers in the parentheses 

represent the number of identified binding sites for individual uncharacterized TFs. Gray 

circles represent uncharacterized TFs without binding peaks under the growth conditions 

used, which include YjhU, YjdC, YihY, YiaG, YagI, and YchA. (B) The sequence motifs 

for six uncharacterized TFs. The height of the letters (in bits on the y-axis) represents the 

degree of conservation at a given position within the aligned sequence set, with perfect 

conservation being 2 bits. Arrows above motif indicate the presence of palindromic 

sequence. 
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Figure 1.3 | Transcriptional regulation by the position of uncharacterized TFs 

relative to the binding of RNA polymerase (RNAP), using binding sites from YeiE, 

YieP, YiaJ, and YafC as representatives. (A) In the case of dcuC, YeiE-binding is 

located downstream of the promoter. (B) YeiE binds to the upstream site of the yoaC. (C) 

YeiE-binding region upstream of serC overlaps with the promoter occupied by RNAP. (D) 

The binding positions of YeiE, YieP, YiaJ, and YafC from the promoter are categorized 

according to the gene regulation. The abbreviations, D, U, and O indicate the downstream, 

upstream, and overlapped position, respectively. R and A indicate the regulation modes: 

repression and activation, respectively.  
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Figure 1.4 | The regulatory role of the uncharacterized TF YiaJ is involved in the 

utilization of L-ascorbate in E. coli K-12 MG1655. (A) YiaJ binding sites at the promoter 

region between yiaJ and the yiaKLMNO-lyxK-sgbH-sgbU-sgbE operon. (B) Expression 

changes for genes in the yiaJ deletion strain in the yiaKLMNO-lyxK-sgbH-sgbU-sgbE 

operon compared to the wild type strain. (C) The proposed function of YiaJ is to repress 

the ascorbate utilization pathway, therefore regulating the level of D-xylulose-5-P that 

feeds into the pentose phosphate pathway. (D) Growth curve of wild type and yiaJ 

deletion strains at ascorbate as the carbon source under anaerobic and microaerobic 

conditions, respectively. 
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Figure 1.5 | The regulatory role of the uncharacterized TF YdcI is involved in proton 

and acetate metabolism in E. coli K-12 MG1655.  (A) Phylogenetic trees displaying the 

relatedness of YdcI from E. coli K-12 MG1655 and from Salmonella enterica. (B) 

Genome-wide YdcI DNA binding. YdcI binding across the genome was compared under 

different pH conditions in E. coli K-12 MG1655 by ChIP-exo. (C) Peak intensity 

(Signal/Noise) of YdcI ChIP-exo binding sites at pH 5.5, pH 7.0, and pH 8.5. Among the 

three different pH conditions, peak intensity was most active at pH 8.5 (* indicates rank 

sum test p-value < 0.05). (D) The growth rate of wild type and ydcI deletion strain at low 

pH, neutral pH, and high pH media. I Growth and acetate uptake rates of wild type and 

ydcI deletion strains in acetate growth medium. 
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Figure 1.6 | The regulatory role of the uncharacterized TF YeiE is involved in 

maintaining iron homeostasis under iron-limited conditions in E. coli K-12 MG1655. 

(A) Functional classification of target genes from YeiE genome-wide bindings. The 

enriched functions are in three groups: amino acid transport/metabolism, carbohydrate 

transport/metabolism, and inorganic ion transport/metabolism. (B) The proposed 

regulatory roles of genes down-regulated in the yeiE deletion strain. (C) Growth profile of 

wild-type and yeiE deletion strain in iron-free M9 minimal medium supplemented with 0, 

0.2 mM, 0.3 mM, 0.4 mM of 2,2’-dipyridyl (DPD) (an iron chelator), respectively. The 

growth curves were determined from at least six independent cultures and significant 

differences in the stationary phase between wild type and yeiE deletion strain were 

determined by the Student’s t test, P < 0.01. 
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Figure 1.7 | The model for the regulatory network integrating three candidate TFs 

(YiaJ, YdcI, and YeiE) and their biological functions in E. coli K-12 MG1655.  (A) YiaJ 

is a regulator that controls the operon yiaK-yiaL-yiaM-yiaN-yiaO-lyxK-sgbH-sgbU-sgbE in 

the catabolism pathway. (B) YdcI inhibits the transcription of target gene gltA, resulting in 

the down-regulation of citrate synthase that is required in the TCA cycle. (C) YdcI binds 

to genomic DNA and activates target genes nhaA, dtpA, lldP, and gltP that are 

responsible for proton transfer. (D) YeiE affects multiple transporters (amino acids, 

inorganic ions, lipids) and metabolic processes, maintaining iron homeostasis at iron-

limited conditions. 
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Supplementary Figure 1.1 | The pipeline of screening the proteins from the 

proteobacteria for the training data. 
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Supplementary Figure 1.2 | Comparison of results obtained from TFpredict using 

the data from the eukaryotes and the proteobacteria. The blue and green columns 

correspond to TFpredict classifiers trained on the data from the eukaryotes (EUK) and 

the proteobacteria (PRO), respectively.  
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Supplementary Figure 1.3 | ROC curve showing the performance of TFpredict 

when cross-validated on the data from the proteobacteria. 
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Supplementary Figure 1.4 | The heatmap of expression profiling data for the 16 

candidate TFs ( YdcI, YafC, YagI (XynR), YbaO (DecR), YbaQ, YbiH (CecR), YchA, 

YddM, YeiE, YheO, YiaG, YiaJ, YieP, YihY, YjdC, and YjhU) under various 

conditions. They contain different carbon sources (glucose, fructose, and acetate), 

stress conditions (iron starvation, acid stress, reactive oxygen species (ROS) stress), 

and several nitrogen sources (glutamine, cytidine, and cytosine). Iron starvation was 

induced by 2,2’-dipyridyl (DPD), an iron chelator. ROS stress was induced by paraquat 

(PQ). 
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Supplementary Figure 1.5 | Percentage of genes with putative functions regulated 

by uncharacterized TF/ known TFs in E. coli K-12 MG1655. The number of genes 

that are regulated by known TFs from RegulonDB database. The red color labels the 

uncharacterized TFs in this study. 
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Supplementary Figure 1.6 | Structural analysis of candidate TFs, YdcI, YeiE, and 

YiaJ. 3D structures are predicted by SWISS-MODEL. Helix-Turn-Helix domain is 

highlighted by green and yellow color, where green is DNA-binding domain and yellow is 

the second part of the helix. 
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Supplementary Figure 1.7 | Co-regulation profiles of target genes by the 

uncharacterized and known TFs. In the heat map, red cells are in vivo experimental 

data (ChIP-exo, ChIP-seq, and ChIP-ChIP) and white cells are no information. The 

confidence level of data is scaled from the inference (low confidence) to in vitro (medium 

confidence), in vivo (high confidence). Green rectangle shows the reconstruction of 

regulons of uncharacterized TFs: YeiE, YheO, YbiH, YafC, YiaJ, YddM, YieP, YbaO from 

this study. 
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Supplementary Figure 1.8 | Genome-wide binding profile of group I (YiaJ and YbiH)  
at glucose medium in E. coli K-12 MG1655.  
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Supplementary Figure 1.9 | Genome-wide binding profile of group II (YdcI and 
YbaO) at glucose medium in E. coli K-12 MG1655.  
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Supplementary Figure 1.10 | Alignment of the E. coli K-12 MG1655 YdcI protein with 
homologs present in a range of other Gram-negative genera.  
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Supplementary Figure 1.11 | The proximity of known ncRNAs for YdcI binding sites. 

Red arrow represents the YdcI binding site. Pink and yellow colors represent the genes. 

Blue color represents known ncRNAs. All of annotations are from EcoCyc. 
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Supplementary Figure 1.12 | Genome-wide binding profile of group III (YeiE, YafC, 

YieP, YddM, YbaQ, and YheO) at glucose medium in E. coli K-12 MG1655.  
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Supplementary Figure 1.13 | Functional classification of differentially expressed 

genes in yeiE deletion strain. The asterisk indicates hypergeometric p-value < 0.05.  
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Supplementary Figure 1.14 | Annotation of target genes by functional enrichment 

using clustered uncharacterized TFs and known TFs. In the heat map, brown cells 

are in vivo experimental data ( ChIP-exo and ChIP-ChIP), red cells are in vitro data, pink 

cells are inferred bindings and white cells are no information. 
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Supplementary Figure 1.15 | Possible solutions to predict test conditions for TF 
candidates in the prokaryotes. 
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Table 1.1 Criteria and strategies used for the categorization of candidates 

Candidate 

TFs 

Locus Criteria for the categorization Strategies for predicting test 

conditions 

Group I 

YiaJ b3574 (1)   Biochemical activities 

were studied in vitro (EMSA or 

SELEX); 

(2)   in vivo biological 

functions remain largely 

unknown 

Infer the condition from 

biochemical features 

YagI b0272 

YbiH b0796 

Group II 

YdcI b1422 (1)   Biochemical activities 

remain unknown; 

(2)   Highly conserved genes 

among closely related strains 

were studied 

Infer the condition from the 

function of homologous genes 

from other species 
YbaO b0447 

Group III 

YeiE b2157 (1)   Neither biochemical nor 

biological function remain 

unknown 

(2)   No information about 

homologous genes exists 

Infer the condition from 

expression profiling data in 

database (the condition in which 

candidate is highly expressed) 

YjhU b4295 

YafC b0208 

YihY b3886 

YieP b3755 

YddM b1477 

YiaG b3555 

YbaQ b0483 

YjdC b4135 

YchA b1214 

 YheO b3346 
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Table 1.2 Protein sequence metadata and homology modeling statistics from 

SWISS-MODEL  

 Source: UniProt Source: SWISS-MODEL 

Gene ID 
Protein 

name 
UniProt 

DNA 

binding 

domain 

motif 

DNA 

binding 

domain 

residues 

PDB 

template 

GMQE 

(Global 

Model 

Quality 

Estimate) 

Oligomeric 

state 

prediction 

QSQE 

(Quaternary 

Structure 

Quality 

Estimate) 

b1422 YdcI P77171 
H-T-H 

motif 
28 to 47 3k1m.A 0.64 Dimer 0.25 

b2157 YeiE P0ACR4 
H-T-H 

motif 
20 to 39 5y2v.A 0.69 Tetramer 0.43 

b3574 YiaJ P37671 
H-T-H 

motif 
45 to 64 5tjj.A 0.61 Dimer 0.57 
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1.8 Methods 

Identification of candidate TFs 

This workflow combined the previously published machine-learning algorithm, 

TFpredict, with biological knowledge to identify candidate TFs for experimental validation. 

TFpredict was originally trained to predict whether a eukaryotic protein was a TF (Eichner 

et al., 2013). In brief, this algorithm takes a protein sequence as input and outputs a 

quantified score in the range [0,1] that represents the likelihood of the protein being a TF, 

based on sequence homology; zero is unlikely, one is very likely. In this study, TFpredict 

was applied to predict candidate TFs in E. coli K-12 MG1655. To assess whether the 

algorithm translates well from the eukaryotic realm to bacteria, the data from the 

proteobacteria were compiled for training. The details about the training data are 

described below. 

The proteobacteria protein sequences in UniProt were filtered to meet the following 

criteria (The UniProt Consortium, 2017): (1) the protein sequences have functional 

annotation for DNA-binding; (2) the proteins were reviewed as non-hypothetical; (3) the 

proteins were annotated by Gene Ontology (GO) term as being related to the regulation 

of transcription or nucleic acid binding transcription factor activity (Ashburner et al., 2000); 

and (4) the proteins were filtered out to exclude any protein sequences that were 

annotated with non-TF keywords: kinase, ubiquitin, actin, antigen, biotin, histone, 

chaperone, tubulin, transmembrane protein, endonuclease, exonuclease, translation 

initiation factor (Supplementary Figure 1.1). TFpredict was trained to rank order the 

candidate TFs. To evaluate whether the algorithm generalizes from eukaryotes to 

prokaryotes, model accuracy was rigorously assessed by cross-validation 
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(Supplementary Figure 1.2, and 1.3). The results from the proteobacteria training set 

were comparable to those obtained from the eukaryotic training set, with a slight decrease 

in the area under the curve (AUC) due to the much smaller size of training data used. The 

large eukaryotic training sets result in similar prediction performance for all validated 

machine learning approaches. Hence, it is sufficient to choose the output of either 

approach. For the proteobacteria training set, performance varied. Instead of choosing 

one of approaches, we used a consensus of the output from all of the available 

approaches to make the final prediction.  

Additionally, the memory and run-time efficiency for TFpredict were improved, and 

all code and data have been made freely available on GitHub (https://github.com/draeger-

lab/TFpredict/tree/prokaryote). The example section in the README summarizes the 

settings we used to execute TFpredict. Documentation and installation instructions are 

provided on the GitHub page.  

The uncharacterized protein sequences of E. coli K-12 MG1655 were the input 

data for TFpredict. The output from TFpredict was a rank-ordered list of proteins with 

confidence scores; some sequences could not be assigned a confidence score due to a 

lack of homologs. The primary selection was made based on the confidence scores from 

TFpredict. Next, further classification of the primary selection was made based on the 

predicted interactions between candidates and DNA sequences. This process not only 

removed some false positives but also provided group-specific strategies to predict the 

experimental conditions for ChIP-exo. Finally, an initial subset of 16 candidates was 

selected for experimental validation. 
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Bacterial strains, media, and growth conditions 

All strains used in this study are E. coli K-12 MG1655 and its derivatives, deletion 

strains and myc-tagged strains. For ChIP-exo experiments, the E. coli strains harboring 

8-myc were generated by a λ red-mediated site-specific recombination system targeting 

C-terminal region as described previously (B.-K. Cho et al., 2006). For expression 

profiling by RNA-seq, deletion strains ΔydcI, ΔyeiE, ΔyafC, ΔyiaJ, ΔyheO, ΔybaO, ΔybaQ, 

ΔybiH, ΔyddM, and ΔyieP were also constructed by a λ red-mediated site-specific 

recombination system (Datta et al., 2006). For ChIP-exo experiments, glycerol stocks of 

E. coli strains were inoculated into M9 minimal media (47.8 mM Na2HPO4, 22 mM KH2PO4, 

8.6 mM NaCl, 18.7 mM NH4Cl, 2 mM MgSO4, and 0.1 mM CaCl2) with 0.2% (w/v) glucose. 

M9 minimal media was also supplemented with 1 mL trace element solution (100X) 

containing 1 g EDTA, 29 mg ZnSO4.7H2O, 198 mg MnCl2.4H2O, 254 mg CoCl2.6H2O, 

13.4 mg CuCl2, and 147 mg CaCl2. The culture was incubated at 37 oC overnight with 

agitation and then was used to inoculate the fresh media (1/200 dilution). The volume of 

the fresh media was 150 mL for each biological replicate. The fresh culture was incubated 

at 37 oC with agitation to the mid-log phase (OD600 ≈ 0.5). For RNA-seq expression 

profiling, glycerol stocks of E. coli strains were inoculated into M9 minimal media with the 

same carbon sources as used in the ChIP-exo experiment for each candidate TF. The 

concentration of carbon sources was 0.2% (w/v). M9 minimal media was also 

supplemented with 1 mL trace element solution (100X). The culture was incubated at 37 

oC overnight with agitation and then was used to inoculate the fresh media. The fresh 

culture was incubated at 37 oC with agitation to the mid-log phase (OD600 ≈ 0.5). 
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Measurement of bacterial growth  

The effects of iron-limited conditions on cell growth were examined by growing E. 

coli K-12 MG1655 and yeiE deletion strain under four media treatments: (1) M9 minimal 

glucose medium; (2) M9 minimal glucose medium containing 0.2 mM of the iron chelating 

agent 2,2’-dipyridyl (DPD) (Fluka); (3) M9 minimal glucose medium containing 0.3 mM of 

DPD; (4) M9 minimal glucose medium containing 0.4 mM DPD. Cells grown overnight on 

M9 minimal glucose medium at 37 oC with agitation were inoculated into these four kinds 

of fresh media. Aliquots of overnight cell culture were diluted 1:200 into four types of fresh 

media, then were incubated at 37 oC with agitation.  

Similarly, to measure growth rate on low pH or acetate medium, the culture was 

incubated at low pH or acetate medium at 37 oC overnight with agitation and then was 

used to inoculate the fresh media (1/200 dilution). The volume of the fresh media was 

150 mL. The fresh culture was incubated at 37 oC with agitation.  

To measure growth on L-ascorbate, cells were grown anaerobically in medium 

containing L-ascorbate as described by the literature (Yew & Gerlt, 2002). Briefly, E. coli 

strains were grown overnight on M9 minimal glucose medium, and the cells were 

suspended in M9 salts medium. The aliquots were adjusted to 1.0, and 100 µL aliquots 

were inoculated into 10 mL culture tubes (Fisher Scientific) that were filled to the top with 

M9 minimal medium with a concentration of 20 mM L-ascorbate. Then the culture tubes 

were capped, sealed with parafilm, and then incubated at 37 oC. All of growth curves were 

measured by six independent experiments at least and recorded by OD600 using Thermo 

BIOMATE 3S UV-visible spectrophotometer. The growth rate was calculated with 



 

50 
 

GrowthRates 2.0 (Hall et al., 2014). The significant difference between wild type and 

deletion strain was determined by the Student’s t test, P<0.01. 

 

ChIP-exo experiment 

ChIP-exo experimentation was performed following the procedures previously 

described (Seo et al., 2014b). In brief, to identify each candidate TF binding maps in vivo, 

the DNA bound to each candidate TF from formaldehyde cross-linked E. coli cells were 

isolated by chromatin immunoprecipitation (ChIP) with the specific antibodies that 

specifically recognize myc tag (9E10, Santa Cruz Biotechnology), and Dynabeads Pan 

Mouse IgG magnetic beads (Invitrogen) followed by stringent washings as described 

previously (B.-K. Cho et al., 2014). ChIP materials (chromatin-beads) were used to 

perform on-bead enzymatic reactions of the ChIP-exo method (Rhee & Pugh, 2012b). 

Briefly, 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 oC 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 (Seo et al., 2014b) were treated with dA-Tailing Module (New 

England Biolabs) and NEBNext Quick Ligation Module (New England Biolabs) for second 
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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. The antibody (NT63, 

Biolegend) that specifically recognize RNA polymerase β was used to conduct the ChIP-

exo experiment to detect the binding sites of RNA polymerase in E. coli K-12 MG1655. 

Each modified step was also performed following the manufacturer’s instructions. ChIP-

exo experiments were performed in biological duplicate. 

 

RNA-seq expression profiling 

Three milliliters of cells from mid-log phase culture were mixed with 6 mL 

RNAprotect Bacteria Reagent (Qiagen). Samples were mixed immediately by vortexing 

for 5 s, incubated for 5 min at room temperature, and then centrifuged at 5000g for 10 

min. The supernatant was decanted and any residual supernatant was removed by 

inverting the tube once onto a paper towel. Total RNA samples were then isolated using 

RNeasy Plus Mini kit (Qiagen) following the manufacturer’s instruction. Samples were 

then quantified using a NanoDrop 1000 spectrophotometer (Thermo Scientific) and 

quality of the isolated RNA was checked by running RNA 6000 Pico Kit using Agilent 2100 

Bioanalyzer (Agilent). Paired-end, strand-specific RNA-seq library was prepared using 

KAPA RNA Hyper Prep kit (KAPA Biosystems), following the instruction (Quail et al., 2011; 
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Ross et al., 2013). Resulting libraries were analyzed on an Agilent Bioanalyzer DNA 1000 

chip (Agilent). Sequencing was performed on a Hiseq 2500 sequencer at the Genomics 

Core facility of University of California, San Diego. 

 

 

Peak calling for ChIP-exo dataset 

Peak calling was performed as previously described (Seo et al., 2014b). Sequence 

reads generated from ChIP-exo were mapped onto the reference genome (NC_000913.2) 

using bowtie with default options to generate SAM output files. MACE program was used 

to define peak candidates from biological duplicates for each experimental condition with 

sequence depth normalization. To reduce false-positive peaks, peaks with signal-to-noise 

(S/N) ratio less than 1.5 were removed. The noise level was set to the top 5% of signals 

at genomic positions because top 5% makes a background level in a plateau and top 5% 

intensities from each ChIP-exo replicates across conditions correlate well with the total 

number of reads (Ogasawara et al., 2015; Seo et al., 2014b; Seo, Kim, Szubin, et al., 

2015b). The calculation of S/N ratio resembles the way to calculate ChIP-chip peak 

intensity where IP signal was divided by Mock signal. Then, each peak was assigned to 

the nearest gene. Genome-scale data were visualized using MetaScope 

(http://systemsbiology.ucsd.edu/Downloads/MetaScope). 

 

Motif search from ChIP-exo peaks 

The sequence motif analysis for TFs and σ-factors was performed using the MEME 

software suite (Bailey et al., 2009a). For YdcI, YbiH, YbaQ, YeiE, YddM and YieP, 



 

53 
 

sequences in binding regions were extracted from the reference sequence 

(NC_000913.2).  

 

Calculation of differentially expressed gene 

Sequence reads generated from RNA-seq were mapped onto the reference 

genome (NC_000913.2) using bowtie (Langmead et al., 2009) with the maximum insert 

size of 1000 bp, and two maximum mismatches after trimming 3 bp at 3’ ends. SAM files 

generated from bowtie were then used for Cufflinks (http://cufflinks.cbcb.umd.edu) 

(Trapnell et al., 2010a) to calculate fragments per kilobase of exon per million fragments 

(FPKM). Cufflinks was run with default options with the library type of dUTP RNA-seq and 

the default normalization method (classic-fpkm). Expression with log2 fold change ≥ 

log2(1.5) and q-value ≤ 0.05 or log2fold change ≤ -log2(1.5) and q-value ≤ 0.05 was 

considered as differentially expressed. Genome-scale data were visualized using 

MetaScope. 

 

COG functional enrichment 

The regulons were categorized according to their annotated clusters of 

orthologous groups (COG) category (Tatusov et al., 2000). Functional enrichment of COG 

categories in the target genes was determined by performing a hypergeometric test, and 

p-value < 0.05 was considered significant.  

 

Structural analysis of candidate TFs 
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Homology models of the candidate transcription factors YdcI, YeiE, and YiaJ were 

constructed using the SWISS-MODEL pipeline, which also carries out a prediction of the 

oligomeric state of the enzyme (Biasini et al., 2014). Multiple templates were analyzed, 

and inference of the oligomeric state was based on the reported interface conservation 

scores to existing complexes of similar sequence identity. The structures were annotated 

using information in UniProt and visualized with VMD (Humphrey et al., 1996). 

 

Phylogenetic tree analysis 

The homologs sequences of candidate TF YdcI across common Gram-negative 

strains were searched in NCBI databases, to show the shared origin of them. The 

phylogenetic tree (Neighbor-joining without distance corrections) was generated by 

MUSCLE (Edgar, 2004).  
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Chapter 2: Elucidation of uncharacterized transcription factors in Escherichia coli 

using multiplexed ChIP-exo 

 

2.1 Abstract 

Bacteria regulate gene expression to adapt to changing environments through 

transcriptional regulatory networks (TRNs). Although extensively studied, no TRN is fully 

characterized since the identity and activity of all the transcriptional regulators that 

comprise a TRN are not known. Here, we experimentally evaluate 40 uncharacterized 

proteins in Escherichia coli K-12 MG1655, which were computationally predicted to be 

transcription factors (TFs). First, we used myc-tagging and a multiplexed ChIP-exo assay 

to characterize genome-wide binding sites for these candidate TFs; 34 of them were 

found to be DNA-binding protein. To increase the confidence in the measured TF-binding 

sites, we compared them with those of RNA polymerase (RNAP). We found 55% overlap 

between the TFs and RNAP binding sites. Finally, we used these data to infer potential 

functional annotation for five TFs with validated DNA binding sites and consensus binding 

motifs. These TFs were found to have various roles in regulating primary cellular 

processes in E. coli. Taken together, this study: (1) expands the number of confirmed TFs 

from 249 to 276, close to the estimated total of 280 TFs in E. coli K-12 MG1655; (2) 

provides a guide to the functional characterization of the newly discovered TFs; and (3) 

offers roadmap to the elucidation of the first comprehensive TRN in bacteria.  
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2.2 Background 

Bacteria employ a broad range of mechanisms to regulate gene expression to 

achieve and maintain phenotypic states (Browning & Busby, 2016). One of the 

mechanisms to regulate gene expression relies on promoter recognition by the RNA 

polymerase (RNAP) and subsequent initiation of transcription (Mejía-Almonte et al., 2020). 

However, the core enzyme is unable to recognize promoters or to initiate transcription 

without the assistance of one of a set of sigma factors. A sigma factor binds to the core 

enzyme forming a complex known as RNA polymerase holoenzyme, which is able to 

orchestrate transcription initiation from specific promoters (Browning & Busby, 2016). 

Additionally, transcription factors (TFs) bind to intergenic regulatory regions preventing or 

promoting RNAP binding upstream from a transcription start site (Balleza et al., 2009). 

Thus, the identification of transcription factors and the transcription factor binding sites 

(TFBSs) is fundamental to understanding how an organism responds to varying 

phenotypic demands through transcriptional regulation. 

Chromatin immunoprecipitation (ChIP) technologies have enabled the genome-

wide characterization of TFBSs (Park, 2009; Rhee & Pugh, 2012). Comprehensively 

mapping these regulatory interactions is important for understanding how an organism 

achieves and maintains different phenotypic states (Martínez-Antonio et al., 2008; Dobrin 

et al., 2004; Dobrin et al., 2004; Fang et al., 2017; Dobrin et al., 2004). However, the 

current knowledge of the transcription regulatory network (TRN) for the well-studied 

model Escherichia coli K-12 MG1655 strain is still incomplete (Dobrin et al., 2004; Fang 

et al., 2017). To address this challenge, we previously developed a robust pipeline for 

computational prediction followed by experimental validation of candidate TFs in E. coli 
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(Gao et al., 2018). The initial use of this pipeline resulted in the characterization of ten 

novel TFs in E. coli, chosen from a rank-ordered list of computationally predicted 

candidates.   

To achieve comprehensive characterization of the E. coli K-12 MG1655 TRN, we 

employ this pipeline again in a high-throughput manner to characterize an additional 40 

candidate TFs. We assembled a collection of data sets, including information about 

TFBSs and consensus DNA sequences of binding motifs, relative location of RNAP 

holoenzyme and TFBSs in the promoter region, and gene expression profiling. We 

integrated these diverse data to classify candidate TFs into three different groups—type 

I regulator (>100 target genes), type II regulator (>1 target genes), and type III single-

target regulator (Shimada et al., 2018)—and to explore the putative functions of five 

validated TFs with detailed analysis. These results illustrate that candidate TFs have a 

varied number of regulatory targets and participate in the primary cellular processes in E. 

coli, from replication, transcription, and nutrition metabolism to stress responses. Taken 

together, our results expand the total number of E. coli TFs from 249 to 276 (an increase 

of ~12%), and support the estimated total of 280~300 TFs comprising the TRN in E. coli 

K-12 MG1655.  
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2.3 Results 

We describe the discovery and characterization of candidate TFs in E. coli 

following our previously reported and validated pipeline (Gao et al., 2018). First, we 

present an overview of the genome-wide binding sites, determined by ChIP-exo, for these 

candidate TFs, highlighting their structural and functional properties. We then describe 

the local regulation of transcription initiation by these candidate TFs through a separate 

ChIP-exo screen for the RNAP holoenzyme. Finally, we characterize the putative 

functions of five representative validated TFs in E. coli, which give insights into complete 

TRNs (Figure 2.1). 

 

Putative transcription factors in E. coli K-12 MG1655 

Previously, we had generated a rank-ordered list of candidate TFs from a list of 

uncharacterized genes (“y-genes”) using a homology-based algorithm (Gao et al., 2018). 

We experimentally tested 16 of the top hits from this list, verifying that ten (62.5%) were 

indeed TFs. In the present study, we continued to select the additional 40 candidate TFs 

from the list of candidates, and experimentally tested them in a high-throughput manner 

(multiplexed ChIP-exo) (Table 2.1). Since we have undertaken this effort, several of the 

candidate TFs have been independently reported to be TFs, using in vitro assays: ComR 

(YcfQ) (Mermod et al., 2012), YcjW (Luhachack et al., 2019), SutR (YdcN) (Yamamoto et 

al., 2015), RcdB (YhjC) (Ogasawara et al., 2020), NimR (YeaM) (Ogasawara et al., 2015), 

CsqR (YihW) (Shimada et al., 2019; Kaznadzey et al., 2018), YqhC (Turner et al., 2011). 

Our results provide in vivo genome-wide binding of these reported TFs, which is important 

for expanding the knowledge of the target genes and building complete TRNs in E. coli.  
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To predict the putative protein family type of candidate TFs, we employed Hidden 

Markov Models to annotate them based on the homology to the collection of known 

protein structures in the SUPERFAMILY 2 database (Gough et al., 2001) (Table 2.1). We 

found that the vast majority of these 40 candidate TFs contain winged HTH DNA-binding 

domains, and can be grouped into different TF family types based on homology to known 

transcription factors (Supplementary Figure 2.1A, Table 2.2) (Pandurangan et al., 2019). 

These candidates can be classified into 10 known TF family types (LysR, AraC, GntR, 

CheY, Lrp/AsnC, Tet, LuxR, GalR/LacI, IclR, DeoR) and one unknown group (due to the 

lack of structure information), which were listed in “TF family type” (Supplementary 

Figure 2.1A). Then, we calculated the relative position of the helix-turn-helix (HTH) 

domain for all the candidate TFs, according to the start and end position of HTH domain 

(amino acids sequence) (Pérez-Rueda & Collado-Vides, 2000) (Supplementary Figure 

2.1B). Several candidate TFs (YfjR, YgeR, YggD, YhjB, YjjJ) do not have a predicted 

DNA-binding domain due to a lack of structural information, the relative HTH positions of 

which were annotated as N/A. 

 

Identification of the genome-wide binding sites for candidate TFs 

 Having predicted the structural properties of the 40 candidate TFs, we next 

characterized their genome-wide DNA-binding sites. We constructed 40 myc-tagging 

strains corresponding to each candidate TF of interest (Cho et al., 2006). With 40 

candidate TFs to characterize, we employed a multiplexed chromatin 

immunoprecipitation combined with lambda exonuclease digestion (Multiplexed ChIP-exo) 
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to detect the large-scale DNA binding sites under the experimental conditions 

(Supplementary Figure 2.2). 

We examined the genome-wide binding profiles for all candidate TFs using the 

peak-calling algorithm MACE (L. Wang et al., 2014), confirming that 34 out of 40 were 

found to be DNA-binding proteins (Figure 2.2A). A total of 587 reproducible binding sites 

were identified for verified candidate TFs (Figure 2.2B). Of the six unconfirmed 

candidates, YgeR, YggD, YjjJ, and YfjR were annotated as non-HTH domain proteins by 

Hidden Markov Models (Pandurangan et al., 2019), which possibly explains why they did 

not bind to the genome. Conversely, given the high homology to known DNA-binding 

proteins, it is possible that YpdC and YeeY are putative TFs but are not active under the 

experimental conditions used in this study. The verified 34 candidate TFs are referred to 

as validated TFs in the following sections. 

  For the 34 confirmed DNA-binding proteins, we analyzed the conserved binding 

motifs using the MEME algorithm (T. L. Bailey et al., 2009) (Figure 2.2C). We found that 

the consensus binding motifs for YciT, YcjW, YdcN, and YidZ were palindromic, an 

observation consistent with the structural predictions that TFs likely form homodimers or 

tetramers that facilitate tight binding to DNA molecules in the cell (Gao et al., 2018). For 

the remaining validated TFs, they have few binding peaks, which couldn’t match the 

statistical significance of a motif that MEME algorithm requires (E-value).  

 

Mapping interactions between RNA polymerase and binding sites of candidate 

transcription factors 
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Gene expression relies on promoter recognition (the region between -10 and -35) 

by the RNAP holoenzyme and subsequent transcription initiation. The RNAP holoenzyme 

consists of a core enzyme and one of the sigma factors in bacteria. In E. coli, the majority 

of the promoter regions are bound by σ70 (Cho et al., 2014). Thus, we performed ChIP-

exo experiments to identify genome-wide binding peaks for RNAP and σ70 under the 

same experimental conditions as the ChIP-exo assays used to examine the candidate 

TFs (Figure 2.3). We found that 55% (321/587) of binding sites were located at the 

upstream region that RNAP can recognize. 

 

Deciphering regulatory targets of candidate transcription factors 

Having verified whether candidate TFs are DNA-binding proteins, we next 

assessed their putative functions. We have used the definition put forth by Shimada et 

al.—based on the number of target genes—to classify the regulatory nature of the TFs 

studied here (Shimada et al., 2018). This definition uses four classes: (i) nucleoid-

associated regulators (hundreds of target genes); (ii) global regulators (>100 target 

genes); (iii) local regulators (>1 target gene); and (iv) single-target regulators. Accordingly, 

we classified the 34 validated TFs into three types of regulators using this definition based 

on the number of target genes identified: global regulator (type I, >100 target genes); local 

regulator (type II, >1 target gene); and single-target regulator (type III). To explore the 

biological significance of these binding sites, we selected six representatives from these 

classes (Table 2.3), and performed an analysis to propose putative function(s). We next 

classified six TFs in the three categories—one global regulator, four local regulators, and 

one single-target regulator—in detail. To infer the regulatory roles, we combined the 
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genome-wide binding sites with gene expression profiling to analyze the most significant 

enrichment of pathways validated TFs are involved in. 

 

A global regulator (type I), YidZ. We identified 118 genome-wide binding sites 

(Figure 2.4A). All identified peaks had the expected bimodal shape (Kharchenko et al., 

2008). We used MEME to identify the enriched sequence motif of YidZ binding sites, 

which is a highly significant enrichment to the consensus DNA sequence (T. L. Bailey et 

al., 2009) (E-value = 1.2e-140, Figure 2.2C, Supplementary Figure 2.3). Nearly all of the 

identified binding peaks (108 out of 118 peaks) contain part of or the full consensus motif, 

indicating that the majority YidZ-DNA binding sites are high confidence. The consensus 

binding motif is palindromic, suggesting it is capable of forming a dimeric protein in vivo. 

This finding is consistent with the structural predictions (Figure 2.4B).  

Further, we observed two notable features of the YidZ binding profile. First, YidZ 

has a large amount of widespread intragenic binding sites, with 77% (91/118) binding 

sites located within genes and 23% (27/118) located within the intergenic region. Second, 

we found that the YidZ binding is associated with diverse gene functions that were 

differentially expressed, based on Clusters of Orthologous Groups (COGs) annotations 

(Tatusov et al., 2000) (Figure 2.4C and D). However, we did not find any significantly 

enriched COGs (p < 0.01), indicating that genes regulated by YidZ are not, as a group, 

strongly associated with any specific function(s).  

To determine whether YdiZ binding in vivo is in the context of RNA holoenzyme, 

we used ChIP-exo to map the genome-wide distribution of the subunit β of core RNAP 

and σ70 under the same growth condition used for YidZ. Among 27 intergenic bindings, 
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we found that there are 12 binding sites in the promoters in the presence of core RNAP 

and σ70, 9 binding sites at the promoter in the presence of core RNAP, and 6 binding sites 

at the promoter DNA in the absence of core RNAP and σ70. Of the 91 intragenic binding 

sites, 34 are located inside the genes in the presence of core RNAP at the promoter DNA; 

the remaining 57 binding sites are in the absence of core RNAP at the promoter.  

Next, to test whether YidZ impacts the expression of these target genes, we 

compared the expression of all genes using RNA-seq in cells lacking YidZ and the wild 

type. We noted that 26% (19 of 74) differentially expressed genes were directly regulated 

by YidZ, though most of YidZ DNA-binding sites were not differentially expressed after 

the deletion of yidZ (Figure 2.4C). We also examined the functions of differentially 

expressed genes and found that operons associated with acid stress and amino acid 

transport and metabolism (gadA, gadBC, hdeD, hdeAB-yhiD) are down-regulated after 

the deletion of YidZ, while the genes involved in carbohydrate transport and metabolism  

(rbsD, malM, malE, malX)  are up-regulated. There is, however, a large number of genes 

regulated by YidZ with unknown functions. 

 

A local regulator (type II), YfeC. We identified several candidate TFs with a range 

of 10 to 100 genome-wide binding sites, classifying them as type II regulators. We 

selected one of these cases, YfeC, for a detailed analysis.   

We identified 50 genome-wide binding sites in E. coli K-12 MG1655 (Figure 2.5A) 

and then enriched the sequence motif of YfeC binding sites (E-value=7.1e-10, Figure 

2.2C). The consensus DNA binding sequence showed that the TFBSs of YfeC enclose 

TTC-rich inverted repeats separated by 6-nt. It is likely that YfeC can form the homodimer 
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in the cell as inferred from its structure (Figure 2.5B). To determine whether YfeC 

regulates the target genes, we compared the expression of all genes using RNA-seq in 

yfeC knockout and wild type strains, and found that 30% (15 of 50) target genes (or 

operons) were directly regulated by YfeC under the test conditions.  

A previous study demonstrated that the yfeC mutant greatly increased the 

extracellular DNA (eDNA) production in E. coli (Sanchez-Torres et al., 2010). However, 

there was no mechanism describing how YfeC impacts the release of eDNA in E. coli. 

Thus, we examined all differentially expressed genes (DEGs) and found that most of them 

were up-regulated after the deletion of yfeC (Figure 2.5C), and noted that YfeC may 

participate in multiple cellular processes from replication, transcription, translation, to 

release of DNA. Specifically,  it binds to key regulatory target genes/operons: (1) the 

operon (cmk-rpsA-ihfB) associated with DNA replication, (2) the operon (chbB-osmE) 

related to transcription, (3) operons (pqqL-yddB-yddA and hybOABCDEFG) related to 

post-translational modification, (4) the gene (fdoI) associated with energy production and 

conversion, and (5) the operon (fimAICDFGH) involved in cell envelope biogenesis, and 

directly regulates the cellular processes to alter the release of eDNA in E. coli (Figure 

2.5D). These results illustrate that YfeC is a regulatory factor involved in the release of 

eDNA, confirming a previously reported hypothesis (Sanchez-Torres et al., 2010).  

 

Local regulator (type II), YbcM. A previous study demonstrated that the ybcM-

deleted mutant showed higher viability under the sodium dodecyl sulfate (SDS) stress, 

which induces oxidative stress (Han et al., 2010). To determine the regulatory role of 

YbcM, we tested YbcM under the oxidative stress. We then identified 12 genome-wide 
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binding sites in E. coli  K-12 (Figure 2.6A). 92% (11/12) of binding sites are at the 

upstream of promoter regions. For instance, there is one binding site at the upstream of 

gene ybcL and ucpA, respectively (Figure 2.6B, Supplementary Figure 2.4). We further 

compared the expression change of target genes in ybcM knockout and wild type strains, 

and found that there are two important target genes were directly regulated by YbcM. One 

is the gene ucpA, encoding oxidoreductase UcpA. It was up-regulated after the deletion 

of ybcM under the test conditions (Figure 2.6C). It was shown that its plasmid-based 

overexpression led to improved tolerance to furan (X. Wang et al., 2012), a chemical likely 

generating oxidative stress; its reductive activity was also proven with diacetyl (Liang & 

Shen, 2017). The other is the gene ubiU, encoding ubiquinone biosynthesis protein UbiU. 

We observed that there is one divergent binding site between genes ubiT (yhbT) and ubiU 

(ybhU) (Figure 2.6D). Similarly, the expression level of genes (yhbS, ubiU, ubiV) were 

up-regulated after the deletion of ybcM (Figure 2.6E). The operon ubiUV encodes 

ubiquinone biosynthesis proteins function in the C6-hydroxylation reaction for ubiquinone 

biosynthesis (Pelosi et al., n.d.). Thus these results indicated that YbcM directly regulated 

the target genes ucpA and ubiU involved in the oxidative stress in E. coli. 

 

Local regulator (Type II), YciT. We identified 49 genome-wide binding sites of 

YciT in E. coli K-12 MG1655 (Figure 2.7A), and then enriched the sequence motif of YciT 

binding sites (E-value = 1.8e-37, Figure 2.2C). The consensus DNA binding motif is 

palindromic, suggesting it is capable of forming a dimeric protein in vivo. A previous study 

utilized in-frame fusion (λ hybrid phage) method and β‐galactosidase activity to screen 

the genes affected by YciT, and reported that YciT may indirectly affect the expression of 
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genes malK, malE, pepN and fadA. However, the physiological role of yciT in E. coli is 

not clear. These four genes are not target genes in the genome-wide binding profile 

(Figure 2.7A).  

To determine the regulatory role of YciT, we compared the expression of all the 

genes using RNA-seq in yciT knockout and wild type strains, and found that target genes 

(cusF, ybiU, ybiV, ybiY, fsaA, rdcA, and bsmA) are directly regulated by YciT (Figure 

2.7B). These results indicated that YciT binds to the promoter of ybiU, ybiV, ybiY, and 

fsaA as a repressor, leading to repression of target genes (Figure 2.7C and D). The most 

significant enrichment analysis showed that an uncharacterized pathway is comprised of 

genes encoding DUF1479 domain-containing protein (ybiU), sugar phosphatase (ybiV), 

putative pyruvate formate lyase (PFL) (ybiW), putative pyruvate formate-lyase activating 

enzyme (PFL-AE) (ybiY), and fructose-6-phosphate aldolase1 (FSA) (fsaA). This 

information allowed us to propose a model of YciT regulating a pathway involved in the 

sugar metabolism in E. coli (Figure 2.7E). 

 

A single-target regulator (type III), YgbI. YgbI was annotated as a putative 

transcription factor via Hidden Markov Model. Here, we identified a single divergent 

binding site between the ygbI and ygbJ genes (Figure 2.8A). To explore how the YgbI 

binding site regulates target genes, we compared the interaction between the YgbI 

binding site and RNAP binding site at the promoter region, and found that YgbI binding 

overlaps the promoter region that RNAP recognizes. This suggested YgbI could block 

RNAP binding to the promoter or inhibit the transcription initiation, repressing the 

expression of downstream genes (ygbJ, ygbK).  
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To examine this assumption about the regulation of YgbI, we then compared gene 

expression profiling between wild type and the ygbI deletion mutant. The results showed 

that the expression of a cluster of genes (ygbJ, ygbK, ygbL, ygbM, ybgN) are upregulated 

after the deletion of ygbI (Figure 2.8B). This observation suggested that YgbI may 

regulate the downstream genes (ygbJKLMN) as a repressor, which is consistent with the 

prediction of a regulatory effect. We also found that another operon, including genes gcl 

encoding glyoxylate carboligases, hyi encoding hydroxypyruvate isomerase, glxR 

encoding tartronate semialdehyde reductase,  allB encoding allantoinase, glxK encoding 

glycerate kinase II (GKII), is upregulated as well (Figure 2.8C). It is likely that YgbI 

indirectly regulated the conversion from glyoxylate to gluconate. Taken together, we 

proposed a model of YgbI regulating the downstream genes encoding putative L-

threonate dehydrogenase (ygbJ), putative 3-oxo-tetronate kinase (ygbK), putative 3-oxo-

tetronate-4-phosphate decarboxylase (ygbL), putative 2-oxo-tetronate isomerase (ygbM), 

and putative transporter (ygbN) (Figure 2.8D). When YgbI is present and active in vivo, 

it directly binds to the promoter of the operon ygbJK, and indirectly inhibits the expression 

of the genes ygbLM and ygbN. When the gene ybgI is knocked out, it leads to de-

repression of the operons ygbJK, ygbLM and the gene ygbN. Based on the putative 

function of genes (ygbJKLMN), we inferred that YgbI is possibly involved in converting 

carbohydrates to gluconate in E. coli K-12 MG1655. 
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2.4 Discussion 

Despite extensive research over many decades focused on transcriptional 

regulation in E. coli, our understanding of its TRNs is still incomplete. In this study, we 

used a systematic approach to validate 34 computationally predicted TFs in E. coli K-12 

MG1655. We employed a multiplexed ChIP-exo to characterize genome-wide binding 

sites and classify this experimental evidence for each TF. Next, we compared the binding 

profiles of the candidate TFs with binding peaks for RNAP holoenzyme to provide a 

coarse-grained functional prediction. Finally, we characterized five of them (YidZ, YfeC, 

YbcM, YciT, YgbI) with detailed analysis. Our results have important implications. 

First, we increased the number of verified TFs in E. coli by 34 (7 of which had been 

previously suggested as TFs based on in-vitro assays (Mermod et al., 2012; Luhachack 

et al., 2019; Yamamoto et al., 2015; Ogasawara et al., 2020; Ogasawara et al., 2015; 

Shimada et al., 2019; Kaznadzey et al., 2018; Turner et al., 2011), and 27 were validated 

in this study. A recent study of E. coli estimated a total of 4,859 genes (4,739 protein 

coding and 120 small RNA genes) controlled by 249 TFs (Santos-Zavaleta et al., 2019; 

Keseler et al., 2017) while another study estimated a total of 280 to 300 TFs in E. coli 

(Ishihama et al., 2016). Our study expanded the total number of verified TFs in E. coli K-

12 MG1655 from 249 to 276. The discovery of all the TFs is fundamental to fully 

understand how TRNs play a key role in enabling the bacteria to modulate expression of 

thousands of genes in response to environmental and genetic perturbations (Martínez-

Antonio et al., 2008). This study has brought us closer to revealing the identity of all the 

TFs in E. coli K-12 MG1655 and, thus to establishing the first comprehensive TRN.  

Second, we used the definition of TFs reported by Shimada et al., to classify 
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candidate TFs into three groups: type I regulators, type II regulators, and type III single-

target regulators (Shimada et al., 2018). This classification was based on the number of 

regulatory genes that TF regulates from SELEX (Shimada et al., 2009). Our rationale for 

using this classification was twofold: (i) the multiplexed ChIP-exo employed here offers a 

similar readout as SELEX (i.e., the number of target genes), allowing for its application in 

the same context; and (ii) it has been successfully used previously to assign annotations 

like “global” or “local” regulator prior to a full understanding of the functions of the validated 

TFs, helping to guide their future study. Thus, we employed this classification merely 

based on the number of target genes shown by genome-wide experiments. Here, we 

defined YidZ as a type I regulator based on the number of target genes. Assuming that 

the function of YidZ is fully understood, we can redefine it as a global or local regulator 

based on the regulation it is involved in. Similarly, we defined YgbI as a single-target 

regulator, because YgbI has one single binding site at the genome under the experimental 

conditions and performed local regulation to a specific metabolic pathway (Figure 2.8D). 

We thus expect that a detailed characterization of these validated TFs will help us develop 

a comprehensive understanding of transcriptional regulation in E. coli. 

Third, we did not identify binding sites for six of the candidate TFs tested in this 

study (YgeR, YggD, YjjJ, YfjR, YeeY, YpdC). Previous homology-based computational 

predictions had predicted these genes as possible TFs based on homology with known 

TFs (Gao et al., 2018). This result may be due to two reasons: one is false-positive 

predictions of candidate TFs due to the limitations of the sequence homology search. 

Since the computational predictions were made, studies focusing on the function of four 

of these six candidates have appeared. YgeR has been re-annotated as putative 
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lipoprotein involved in septation recently (Keseler et al., 2017). YggD has been verified 

as fumarase E (Sévin et al., 2017). Overexpression of YjjJ increases toxic effects in E. 

coli, thus yjjJ is likely to be toxin (Maeda et al., 2017). YfjR is predicted as CP4-57 

prophage or putative TF involved in biofilm formation (Herzberg et al., 2006). But a recent 

study of searching novel TFs involved in biofilm formation could not validate this 

hypothesis (Ogasawara et al., 2020). Thus the gene yfjR is likely to encode CP4-57 

prophage. A second reason for failed prediction is that we may simply have failed to test 

for DNA-binding activity under the right activation conditions. YeeY and YpdC are 

annotated as LysR-type regulator with a C-terminal HTH domain, and AraC-type regulator 

with a C-terminal HTH domain, respectively (Table 2.1), and thus they may have 

regulatory functions under the appropriate growth conditions.  

To address false-positive prediction and limitation of experimental conditions for 

candidate TFs, a possible solution is to employ multiple methods (in vitro metabolomics 

identification of enzymes, ChIP-exo, SELEX). They together would provide more 

information with which to improve the accuracy of prediction and accelerate the validation 

of their function (Sévin et al., 2017; Shimada et al., 2009). 

Taken together, this study focused on the remaining uncharacterized TFs in E. coli 

K-12 MG1655. It broadens our knowledge of transcriptional regulation bringing the known 

TFs to 279, and it paves the way to a complete map reconstruction of its TRN. 
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2.5 Conclusions 

In this study, we investigated 40 candidate TFs from a previous predicted TF list 

in E. coli K-12 MG1655. We then assembled a collection of data sets, including 

information about TFBSs and consensus DNA sequences of binding motifs, relative 

location of RNAP holoenzyme and TFBSs in the promoter region, and gene expression 

profiling, and integrated these diverse data to explore the putative functions of five 

validated TFs with detailed analysis. These results illustrated that candidate TFs have a 

varied number of regulatory targets and participate in the primary cellular processes in E. 

coli, from replication, transcription, and nutrition metabolism to stress responses. Overall, 

our results expanded the total number of E. coli TFs from 249 to 276 (an increase of 

~12%), and supported the estimated total of 280~300 TFs comprising the TRN in E. coli 

K-12 MG1655. 
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2.6 Availability of data and materials 

The whole dataset of ChIP-exo and RNA-seq has been deposited to GEO with the 

accession number of GSE159777 and GSE159658, respectively. 
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2.7 Figures 

 

Figure 2.1 | A systematic approach to the discovery of genome-wide binding sites 

of candidate transcription factors in E. coli K-12 MG1655. The approach used in this 

study can be divided into four stages: 1) We examined 40 computationally predicted 

candidate TFs from our previous study; 2) For each candidate TF, we highlighted its 

structural features based on the annotation from hidden Markov models;  3) We 

performed experimental validation using multiplexed ChIP-exo; and 4) We combined the 

genome-wide binding sites with expression profiling data to characterize regulatory roles 

of representative TFs with a suite of experimental tests.   
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Figure 2.2 | A global landscape of DNA binding events for uncharacterized TFs 

during growth at active conditions. (A) Binding sites identified by ChIP-exo are mapped 

onto the E. coli genome to provide a network-level perspective of binding activity. 

Experimentally verified candidate TFs are shown in black, uncharacterized TFs without 

binding peaks under the growth conditions are shown in grey. (B) 34 validated TFs show 

a varied number of binding sites between intragenic region and promoter region. (C) The 

consensus sequence motifs for seven uncharacterized TFs determined by ChIP-exo. The 

height of the letters (in bits on the y-axis) represents the degree of conservation at a given 

position within the aligned sequence set, with perfect conservation being 2 bits. Arrows 

above motif indicate the presence of palindromic sequences. 
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Figure 2.3 | Mapping genome-wide binding sites with RNA polymerase activities at 

the genome.  Upper level: the overview of genome-wide binding sites of RNAP in E. coli 

K-12 MG1655. Bottom level: the overview of genome-wide binding sites of sigma factor 

70 in E. coli K-12 MG1655.  
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Figure 2.4 | Using YidZ as a representative to illustrate type I global regulator.  

(A) Genome-wide binding of YidZ identified 118 reproducible binding events at the 

genome. 77% (91/118) of binding sites are located within the coding region while 23% 

(27/118) are located within the regulatory region. (B) Predicted 3D structure of YidZ 

(monomer with the range of AA2-317) with N-terminal "Winged Helix" DNA-binding 

domain. Blue color represents DNA-binding domain. Other colors (red, yellow, green) 

represents non-DNA-binding domains. It is annotated as a LysR-type putative 

transcription factor by Hidden Markov Model. (C) 74 genes were differentially expressed 

after deletion of ydiZ (cut-off value is log2 fold-change >=1, or <=-1, and adjust p-

value<0.05). (D) Functional classification of genes regulated by YidZ. The functions of 

genes regulated by YidZ are diverse. Additionally, the biological significance of 38% 

(28/74) of genes is still unknown. 
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Figure 2.5 | Using YfeC as a representative to illustrate type II regulators.  

(A) Genome-wide binding of YfeC identified 50 reproducible binding events at the 

genome. 40% (20/50) of binding sites are located within the coding region while the 

remaining 60% (30/50) are located within the regulatory region. (B) Predicted 3D structure 

of YfeC (monomer with the range of AA 2-111) with the DNA-binding domain. Blue color 

represents DNA-binding domain. (C) 240 genes were differentially expressed after 

deletion of yfeC (cut-off value is log2 fold-change >=1, or <=-1, and adjust p-value<0.05). 

(D) Functional classification of genes regulated by YfeC. The top 5 clusters of functional 

groups were unknown function, translation, unclassified COG, cell envelope biogenesis 

and transcription. Though a large number of y-genes regulated by YfeC, it is likely to be 

a repressor related to the release of eDNA in E. coli.  
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Figure 2.6 | Using YbcM as a representative to illustrate type II regulators.  
(A) Genome-wide binding of YbcM identified 12 reproducible binding events at the 

genome. (B) YbcM binding peak at the upsteam of gene ucpA. (C) Expression changes 

for genes in the ybcM deletion strain in a set of genes (ucpA, murR, murQ, and murP) 

near the binding peak, compared to the wild type strain. Red line indicates the cut-off 

value for differentially expressed genes. (D) YbcM binding peak at the upstream of operon 

ubiUV. (E) Expression changes for genes in the ybcM deletion strain in the operons yhbS-

ubiT, ubiUV and gene ubiW, compared to the wild type strain.  
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Figure 2.7 | Using YciT as a representative to illustrate type II local regulators.  
(A) Genome-wide binding of YciT identified 49 binding events at the genome. (B) 46 

genes were differentially expressed after deletion of yciT (cut-off value is log2 fold-

change >=1, or <=-1, and adjust p-value<0.05). (C) YciT binding peak at the upstream of 

operon ybiUVWY and gene fsaA. (D) The expression of a set of genes (ybiU, ybiV, ybiW, 

ybiY and fsaA) were upregulated in the yciT deletion strain. Red line indicates the cut-off 

value for differentially expressed genes. (E) The proposed model of the regulatory role of 

YciT in the E. coli.  
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Figure 2.8 | Using YgbI as a representative to illustrate type III regulators (single-

target). (A) Zoom-in mapping of YgbI, RpoB, and RpoD binding events explains how YgbI 

binds onto the upstream of operon ygbJK, covering the region that RpoB can recognize. 

Thus YgbI blocks the transcription initiation of operon ygbJK when YgbI is active. (B) 

Expression changes for genes in the ygbI deletion strain in a set of genes (ygbJKLMN) 

near the binding peak, compared to the wild type strain. (C) 113 genes were differentially 

expressed after deletion of ygbI (cut-off value is log2 fold-change >=1, or <=-1, and adjust 

p-value<0.05). (D) The proposed model for the regulatory role of YgbI. When YgbI is 

present (active), it directly represses the promoter of the operon ygbJK, and indirectly 

inhibits the expression of operon ygbLM and gene ygbN (the EcoCyc website 

(http://www.ecocyc.org) defines the operons; we retain this information). When gene ybgI 

is knocked out, it leads to de-repression of the genes ygbJKLMN.  
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Supplementary Figure 2.1 | The predicted family type for the 40 candidate TFs.  
(A) The classification of transcription factor family types for 40 candidate TFs. (B) Helix-

Turn-Helix (HTH) distribution of 40 candidate TFs analyzed in this study. The distribution 

of the relative HTH location is shown for different subsets of the collection. On the x-axis, 

0% represents the N-terminus and 100% represents the C-terminus of the protein. The 

y-axis is the number of candidate TFs. The four types of predicted results were colored 

in the legend. “Unknown” indicates that there is no prediction due to the lack of the 

information about HTH domain in the protein.  
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Supplementary Figure 2.2 | The workflow of a multiplexed ChIP-exo system. Cell 

cultures are crosslinked using formaldehyde. The complex (DNA bound to each candidate 

TF) is then extracted and fragmented using a sonicator. Sheared DNA fragments are 

immuno-precipitated with an antibody against myc-epitope. After ligation of the first 

adapter with specific indices, N fragmented samples have distinct indices for each other. 

Then they could be pooled and processed together (on-bead enzymatic reactions of the 

ChIP-exo method).  The whole process could be repeated M times to generate N*M 

libraries. DNA recovered from the ChIP material can directly be amplified by PCR and 

deep-sequencing by Illumina next-generation sequencing technology.  
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Supplementary Figure 2.3 | Relationship between YidZ binding affinity and binding 

sequence similarity to consensus motif. The signal-to-noise (S/N) ratio of each YidZ-

binding peak was assigned to in vivo relative binding affinity of each site. The significance 

of similarity of each site to consensus YidZ binding motif was represented by statistical 

significance (p-value) computed from the match score of the site with the position specific 

scoring matrix for the motif. The more different the binding sequence was from the 

consensus motif, the lower the binding affinity was.  
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Supplementary Figure 2.4 | Zoom-in binding peak of YbcM to operon ybcLM. 
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Table 2.1 Overview of 40 candidate TFs with the predicted location of the helix-turn-
helix (HTH) domain 
 

Gene name 
Locus_tag 
(b_number) 

Total length (AA) TF Family type* Relative HTH position# 

yahB b0316 310 LysR 3% - 29% 

ybcM b0546 265 AraC 80% - 99% 

ybdO b0603 300 LysR 3% - 30% 

ybeF b0629 317 LysR 8% - 33% 

ybhD b0768 317 LysR 1.2% - 35% 

ycaN b0900 302 LysR 1% - 37% 

ycfQ b1111 210 TetR 5% - 39% 

yciT b1284 249 DeoR 1% - 24% 

ycjW b1320 332 GalR/LacI 0% - 17% 

ydcN b1434 178 N/A* 2% - 40% 

ydcR b1439 468 GntR 0% - 15% 

ydhB b1659 310 LysR 2% - 28% 

ydiP b1696 303 AraC 77% - 94% 

yeaM b1790 213 AraC 72% - 94% 

yebK b1853 289 N/A* 0% - 28% 

yedW b1969 223 CheY 0% - 56% 

yeeY b2015 309 LysR 2% - 28% 

yehT b2125 239 CheY 0% - 51% 

yfeC b2398 114 N/A* 0% - 50% 

yfeD b2399 130 N/A* 4% - 63% 
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Table 2.1 Overview of 40 candidate TFs with the predicted location of the helix-turn-
helix (HTH) domain (cont.) 
 

Gene name 
Locus_tag 
(b_number) 

Total length (AA) TF Family type* Relative HTH position# 

yfiE b2577 293 LysR 0% - 29% 

yfjR b2634 233 N/A* N/A 

ygaV b2667 99 N/A* 11% - 99% 

ygbI b2735 255 Lrp/AsnC 2% - 23% 

ygeR b2865 251 N/A* N/A 

ygfI b2921 298 LysR 3% - 29% 

yggD b2929 169 N/A* N/A 

yhjB b3520 200 LuxR N/A 

yhjC b3521 299 LysR 1% - 28% 

yiaU b3585 324 LysR 2% - 35% 

yidL b3680 297 AraC 80% - 96% 

yidZ b3711 319 LysR 2% - 25% 

yihL b3872 236 GntR 1% - 31% 

yihW b3884 261 DeoR 3% - 31% 

yjhI b4299 262 IclR 3% - 29% 

yjjJ b4385 443 N/A* N/A 

yneJ b1526 293 LysR 0% - 37% 

ynfL b1595 297 LysR 1% - 30% 

ypdC b2382 285 AraC 82% - 99% 

yqhC b3010 318 AraC 82% - 98% 

Note, TF Family type is annotated by Hidden Markov Model.  
N/A* indicates no annotation due to the lack of structural information. 
Relative HTH position# is calculated by the position of HTH domain at the full length of protein sequence.  
N/A# indicates the results are not available due to the lack of HTH domain.  
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Table 2.2 Comparison of structure and regulatory activities between candidate TFs 
and known TFs in E. coli K-12 MG1655.  
 

 Known TFs Candidate TFs 

Family 
Type 

Regulatory 
Role 

Average 
size of AAs 

Physiological 
function 

Predicted 
regulatory 

Role 
Average 

size of AAs Representatives 

LysR Dual Varied 
Amino acid 

biosynthesis Dual ~ 306 YahB, YbdO 

AraC Activator Varied 
Virulence, sugar 

metabolism Repressor ~ 280 YbcM 

GntR Repressor ~ 246 Carbon metabolism Repressor ~ 352 YdcR 

Lrp/AsnC Dual ~ 156 
Amino acid 

biosynthesis Repressor ~ 252 YgbI 

TetR Repressor ~ 210 
Tetracycline 
resistance Repressor ~ 210 YcfQ 

LuxR Activator ~ 220 
Biosynthesis and 

glycerol metabolism Activator ~ 200 YhjB 

GalR/LacI Repressor ~ 334 
Carbon source 

uptake Repressor ~ 332 YcjW 

IclR Repressor ~ 273 
Carbon source 

uptake Repressor ~ 262 YjhI 

DeoR Repressor ~ 257 Sugar metabolism Repressor ~ 261 
YihW, 
YciT 

Others Varied Varied Varied N/A* Varied N/A* 

Note, N/A* indicates that there are no representative candidates for this condition. 
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Table 2.3 The classification of representative candidate TFs and proposed 
functions in E. coli K-12 MG1655 
 

Gene# 
(b-

number) 

Classification of 
candidate TFs 
(# of TFBSs) 

Family 
Type 

Binding Sites 
Associated with 

metabolic pathway 

Proposed regulatory 
roles 

yidZ 
(b3711) 

Type I 
(118) 

LysR 
Widespread, intragenic 

binding 
Target genes have 
diverse functions 

yfeC 
(b2398) 

Type II 
(50) 

N/A* 
chbB, pqqL, hybD, fdoG, 

fimH 

A regulator of genes 
encoding proteins related 

to eDNA 

yciT 
(b1284) 

Type II 
(49) 

DeoR ybiO, ybiV, ybiY 
 Involved in sugar 

metabolism 

ybcM 
(b0546) 

Type II 
(12) 

AraC ybcK, ybcL, ybcN 
Likely to related to stress 

response 

ygbI 
(b2753) 

Type III 
(1) 

Lrp/AsnC ygbJ, ygbK 
Likely related to gluconate 

metabolism 
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2.8 Methods 

Computational prediction of candidate TFs 

A list of candidate TFs was previously generated by Gao et al. (Gao et al., 2018), 

and 16 of the top targets were used to validate the discovery pipeline. Here, we extended 

the experimental validation of these computationally predicted targets by selecting 

additional candidates from this previously generated list. Briefly, the list was generated 

using the TFpredict algorithm (Eichner et al., 2013) modified for use with bacterial 

genomes (Gao et al., 2018). The TFpredict algorithm takes a protein sequence as input 

and generates a quantified score in the range [0,1] that represents the likelihood of that 

protein being a TF based on sequence homology, where a score of 1 represents the 

highest confidence. We selected 40 of the top candidate TFs from this rank-ordered list. 

See (Gao et al., 2018) for a full description of the computational methods 

 

Bacterial strains, media, and growth conditions 

All strains used in this study are E. coli K-12 MG1655 and its derivatives, deletion 

strains and myc-tagged strains. For ChIP-exo experiments, the E. coli strains harboring 

8-myc were generated by a λ red-mediated site-specific recombination system targeting 

the C-terminal region as described previously (Cho et al., 2006). For ChIP-exo 

experiments, glycerol stocks of E. coli strains were inoculated into M9 minimal media 

(47.8 mM Na2HPO4, 22 mM KH2PO4, 8.6 mM NaCl, 18.7 mM NH4Cl, 2 mM MgSO4, and 

0.1 mM CaCl2) with 0.2% (w/v) glucose. M9 minimal media was also supplemented with 

1 mL trace element solution (100X) containing 1 g EDTA, 29 mg ZnSO4.7H2O, 198 mg 
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MnCl2.4H2O, 254 mg CoCl2.6H2O, 13.4 mg CuCl2, and 147 mg CaCl2 per liter. The culture 

was incubated at 37 oC overnight with agitation and then was used to inoculate the fresh 

media (1/200 dilution). The volume of the fresh media was 150 mL for each biological 

replicate. The fresh culture was incubated at 37 oC with agitation to the mid-log phase 

(OD600 ≈ 0.5). To create oxidative stress, the overnight cultures were inoculated to an 

optical density OD600 = 0.01 into the fresh 70 mL of  Glucose M9 minimal medium in a 

500-mL flask supplemented with 250 uM paraquat (PQ) at OD600 = 0.3 and incubated for 

20 min with stirring. 

 

Multiplexed ChIP-exo experiment  

Multiplexed ChIP-exo experiment was performed on a simple modification of our 

standard ChIP-exo method described previously (Seo et al., 2014). The difference 

between them is that after ligating the first adapter to each sample separately, the 

samples are then pooled together and this pool undergoes the remainder of the enzymatic 

reactions used for library preparation.  Each sample receives a different first adapter 

bearing a unique 6-base sequence (barcode) which allows for the data to be 

demultiplexed. The details were described as below: to identify each candidate TF binding 

maps in vivo, the DNA bound to each candidate TF from formaldehyde cross-linked E. 

coli cells were isolated by chromatin immunoprecipitation (ChIP) with the specific 

antibodies that specifically recognize myc tag (9E10, Santa Cruz Biotechnology), and 

Dynabeads Pan Mouse IgG magnetic beads (Invitrogen) followed by stringent washings 

as described previously (Cho et al., 2014). Cells were grown in glucose minimal medium 

to OD600 = 0.4, and incubated with 1% formaldehyde (Thermo Scientific) for 25 min at 
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room temperature. Formaldehyde was quenched by 2.5 M glycine (Thermo Fisher 

Scientific) for additional 5 min and the cells were washed with ice-cold TBS (Thermo 

Fisher Scientific) three times, and lysed with Ready-lyse lysozyme solution (Epicentre). 

Lysates were sonicated using a sonicator (QSonic) to generate 300–500 bp randomly 

sheared chromosomal DNA fragments. Extent of shearing was monitored with a 1% 

agarose gel and confirmed by separation on a 2100 High sensitivity Bioanalyzer chip 

(Agilent Technologies) at the completion of the immunoprecipitation. Immunoprecipitation 

was carried out at 4°C with overnight incubation and 15ul anti-c-myc mouse antibody 

(9E10, Santa Cruz Biotechnology). Immunoprecipitates were captured with 50uL 

Dynabeads Pan mouse IgG (Invitrogen), washed by washing buffer I (50 mM Tris-HCl 

(pH 7.5), 140 mM NaCl, 1 mM EDTA,1% Triton X-100). 

ChIP materials (chromatin-beads) were used to perform on-bead enzymatic 

reactions of the ChIP-exo method (Rhee & Pugh, 2012). Briefly, 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. The first adaptor was designed to 

have different indices to distinguish different DNA samples after the sequencing. After 

ligation, multiple ChIP materials could be pooled together. 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 oC reversed the protein-DNA cross-link. RNAs- and Proteins-removed DNA samples 

were used to perform primer extension and second adaptor ligation with following 
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modifications. The DNA samples incubated for primer extension as described previously 

(Seo et al., 2014) 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. The antibody (NT63, 

Biolegend) that specifically recognizes RNA polymerase β was used to conduct the ChIP-

exo experiment to detect the binding sites of RNA polymerase in E. coli K-12 MG1655. 

The antibody (2G10, Biolegend) that specifically recognizes σ70 was used to detect the 

binding sites of σ70 in E. coli K-12 MG1655. Each step was also performed following the 

manufacturer’s instructions. ChIP-exo experiments were performed in biological 

duplicates. 

 

Peak calling for ChIP-exo dataset 

Peak calling was performed as previously described (Seo et al., 2014). Sequence 

reads generated from ChIP-exo were mapped onto the reference genome (NC_000913.2) 

using bowtie (Langmead et al., 2009) with default options to generate SAM output files. 

MACE program was used to define peak candidates from biological duplicates for each 

experimental condition with sequence depth normalization (L. Wang et al., 2014). To 
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reduce false-positive peaks, peaks with signal-to-noise (S/N) ratio less than 1.5 were 

removed. The noise level was set to the top 5% of signals at genomic positions because 

top 5% makes a background level in a plateau and top 5% intensities from each ChIP-

exo replicates across conditions correlate well with the total number of reads (Ogasawara 

et al., 2015; Seo et al., 2014, 2015). The calculation of S/N ratio resembles the way to 

calculate ChIP-chip peak intensity where IP signal was divided by Mock signal. Then, 

each peak was assigned to the target gene, according to genomic position. Genome-

scale data were visualized using MetaScope 

(http://systemsbiology.ucsd.edu/Downloads/MetaScope). 

 

Motif search from ChIP-exo peaks 

The consensus DNA sequence motif analysis for validated TFs was performed 

using the MEME software suite (Timothy L. Bailey et al., 2009). For YciT, YcjW, YdcN, 

YdhB, YfeC, YfeD, and YidZ, sequences in binding regions were extracted from the 

reference genome (NC_000913.2).  

 

COG functional enrichment 

The regulons were categorized according to their annotated clusters of 

orthologous groups (COG) category (Tatusov et al., 2000). Functional enrichment of COG 

categories in the target genes was determined by performing a hypergeometric test, and 

p-value < 0.01 was considered significant. 

 

Transcriptomics  
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RNA-seq was performed using two biological replicates. The strains were grown 

in a condition the same as that used for ChIP-exo experiments. Transcripts were 

stabilized by mixing 3 mL of cell cultures at the mid-log phase with 6 mL of RNAprotect 

Bacteria Reagent (Qiagen). Samples were immediately vortexed for 5 sec, incubated for 

5 min at room temperature, and then centrifuged at 5000g for 10 min. The supernatant 

was decanted and any residual supernatant was removed by inverting the tube once onto 

a paper towel. Total RNA samples were then isolated using RNeasy Plus Mini kit (Qiagen) 

following the manufacturer’s instruction. Samples were then quantified using a NanoDrop 

1000 spectrophotometer (Thermo Scientific) and quality of the isolated RNA was checked 

by running RNA 6000 Pico Kit using Agilent 2100 Bioanalyzer (Agilent). Paired-end, 

strand-specific RNA-seq library was prepared using KAPA RNA Hyper Prep kit (KAPA 

Biosystems), following the instruction(Quail et al., 2011; Ross et al., 2013). Resulting 

libraries were analyzed on an Agilent Bioanalyzer DNA 1000 chip (Agilent). Sequencing 

was performed on a Hiseq 2500 sequencer at the Genomics Core facility of University of 

California, San Diego. 

 

Calculation of differentially expressed gene  

Expression profiling was performed as previously described (Seo et al., 2014). 

Raw sequence reads generated from RNA-seq were mapped onto the reference genome 

(NC_000913.2) using bowtie v1.2.3 (Langmead et al., 2009) with the maximum insert size 

of 1000 bp, and two maximum mismatches after trimming 3 bp at 3’ ends (Langmead et 

al., 2009). Transcript abundance was quantified using summarizeOverlaps from the R 

GenomicAlignments package, with strand inversion for the dUTP protocol and strict 
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intersection mode (Lawrence et al., 2013). We then calculate the dispersion and 

differential expression level of each  gene using DESeq2 (Love et al., 2014). Transcripts 

per Million (TPM) were calculated by DESeq2. Expression with log2 fold-change ≥ log2(2.0) 

and adjusted p-value ≤ 0.05 or log2fold-change ≤ -log2(2.0) and adjusted p-value ≤ 0.05 

was considered as differentially expressed.  
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Chapter 3: Elucidation of the CodY regulon in Staphylococcus aureus USA300 

lineage using ChIP-exo  

 

3.1 Abstract 

CodY is a conserved broad acting transcription factor that regulates the expression 

of genes related to amino acid metabolism and virulence in Staphylococcus aureus. CodY 

target genes have been studied by using in vitro DNA affinity purification and deep 

sequencing (IDAP-Seq). Here we performed the first in vivo determination of CodY target 

genes using a novel CodY monoclonal antibody in established ChIP-exo protocols. Our 

results showed: 1) The same 165 CodY target genes identified in two closely related 

dominant S. aureus USA300 TCH1516 and LAC strains; 2) The differential binding 

intensity for the same target genes under the same conditions were due to sequence 

differences in the same CodY binding site in the two strains; and 3) Based on 

transcriptomic data, a CodY regulon comprising 72 target genes that revealed that CodY 

is mainly involved in amino acid transport and metabolism, inorganic ion transport and 

metabolism, and cellular transcription and translation. Our study performed the first 

system-level analysis of CodY in two closely related dominant USA300 TCH1516 and 

LAC strains, thus expanding the size of the known CodY regulon, and giving new insights 

into the similarities and differences of CodY regulatory roles between closely related 

strains. 
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3.2 Background 

Staphylococcus aureus is a ubiquitous, Gram-positive pathogen that causes a 

diverse range of bacterial infections, ranging from skin and soft tissue infections to 

potentially fatal infections, such as pneumonia, endocarditis, osteomyelitis, sepsis, and 

toxic shock syndrome (Knox et al., 2015). In addition, as the prevalence of methicillin 

resistant S. aureus (MRSA) strains, they are becoming major community-associated 

pathogens in the world (Medveďová & Györiová, 2019). The integration of current 

research provides the insights into the important features of these strains, including 

antibiotic resistance, and extensive virulence factors. So far, a number of known virulence 

factors consist of surface-associated proteins, such as microbial surface components, 

and secreted proteins, like hemolysins, immunomodulators, and many exoenzymes 

(Chen et al., 2012). To intervene in the infection of S. aureus worldwide, a great deal of 

effort is made to investigate the transcription factors that control the virulence factors 

during the infection.  

CodY is an important transcription factor in S. aureus that directly controls 

virulence expression (Ibberson et al., 2014; Pohl et al., 2009b). While the primary role of 

CodY is to regulate the metabolic genes in response to cellular branched chain amino 

acid and GTP concentrations, it also controls the expression of several virulence factors, 

acting as a bridge between metabolism and virulence (Basu et al., 2018; Majerczyk et al., 

2010; Pohl et al., 2009b; Roux et al., 2014; Waters et al., 2016). The CodY regulon, 

estimated to consist of 150 to more than 200 genes, can vary in size between S. aureus 

strains, and CodY can even have opposite effects on the expression of the same gene in 

different strains (Basu et al., 2018; Majerczyk et al., 2010; Pohl et al., 2009a). At present, 
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direct determination of CodY DNA-binding sites using ChIP-exo and the identification of 

the corresponding target genes has not been achieved (Majerczyk et al., 2010).  

To address this challenge, we developed a reliable ChIP-grade antibody and 

conducted in vivo genome-wide experiments (ChIP-exo) to identify 165 identical CodY 

target genes in two common S. aureus USA300 isolates (TCH1516 and LAC). To 

reconstruct the CodY regulon, we compared RNA-seq profiles of the wild-type strain and 

codY mutant. Our study used a comprehensive pipeline to characterize the CodY regulon 

between closely related USA300 substrains that included genetic parameters and 

network level computational models.  
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3.3 Results 

Comparative genomic analysis of S. aureus USA300 reveals a high level of identity 

between two closely related strains, TCH1516 and LAC 

The community-associated methicillin-resistant S. aureus (CA-MRSA) clones 

belonging to the USA300 lineage have become the dominant sources of MRSA in the 

United States (Thurlow et al., 2012). They are distinct from other S. aureus clones such 

as USA200 (UAMS-1), USA400 (MW2), and ST8 MSSA (Newman) (Thurlow et al., 2012). 

Two dominant CA-MRSA USA300 strains, TCH1516 and LAC, isolated in Los Angeles 

and Houston, respectively, were chosen to study CA-MRSA clones as they represent well 

characterized strains in the USA300 lineage (Vitko & Richardson, 2013). These strains 

have become the epidemic clones spreading in the community (Kennedy et al., 2010). 

First, using whole-genome alignment, we characterized the genomes of TCH1516 

and LAC, with lengths of ~2.872 Mb and ~2.878 Mb, respectively (Table 3.1). We found 

a high level of identity at the nucleotide level between these two closely related strains, 

and on average, they displayed 99.5% identity for all coding genes (Figure 3.1A). Further, 

MUMmer was used to check for the synteny between the strains. We produced a 

MUMmer dot plot resulting from the alignment of their chromosomal sequences, 

demonstrating that they have high similarity between the genomes and large scale 

inversions located at positions ~ 2.18 Mb (TCH1516) and ~ 2.20 Mb (LAC) (Figure 3.1B). 

Overall, these data revealed that they have a high degree of sequence similarity 

throughout their genome sequences. 

 

Genome-wide identification of CodY-binding sites in S. aureus USA300 TCH1516 
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Previously, 57 CodY-binding sites in the S. aureus clinical strain UAMS-1 were 

identified in vitro deploying an affinity purification experiment using purified S. aureus His-

tagged CodY and a related mutant strain (Majerczyk et al., 2010a). However, there are 

no direct in vivo measurements of the interaction between CodY and DNA in the recent 

USA300 isolates. Thus, using a novel monoclonal antibody, we performed Chromatin 

immunoprecipitation followed by exonuclease digestion (ChIP-exo) to identify the CodY-

binding sites with single nucleotide resolution in S. aureus USA300 TCH1516 under RPMI 

with 10% LB medium (Wijesinghe et al., 2019). 

Using a peak calling algorithm (MACE), a total of 165 CodY target genes (135 

binding peaks) were identified from TCH1516 (Figure 3.2A, upper panel). As mentioned 

before, there were 57 CodY target genes identified in S. aureus UAMS-1 using IDAP-Seq, 

57% (36/57) of which were also detected in TCH1516. Compared to the IDAP-Seq 

approach, this study detected the interaction between TF-DNA in vivo to enrich the DNA 

bound by CodY in its natural state, but also showed the location of each peak at single 

nucleotide resolution.  

Our results showed that 88% (144/165) of CodY binding sites were located within 

the intergenic regions, and the remaining 12% of binding sites were found in coding 

regions (Figure 3.2B, upper panel). Most of the binding sites located in intergenic 

regions were present upstream of assigned genes, indicating that CodY may play critical 

regulatory roles for the expression of these genes. A total of 128 novel CodY target genes 

were identified in this study (Figure 3.2B, bottom panel). These findings expanded the 

list of CodY target genes in TCH1516 and enabled a better understanding of the global 

regulatory role of CodY in the USA300 lineage. 



 

117 
 

 

Identification of the CodY-binding motif in S. aureus TCH1516 

To identify the DNA sequence motif of CodY-binding sites, we used the MEME 

motif-searching algorithm with the genomic sequences of binding sites, and then 

identified the conserved 20-bp CodY binding motif, which was consistent with the 

previously characterized CodY DNA-binding consensus sequence 

(AATTTTCWGAAAATT) in S. aureus UAMS-1 (Figure 3.2C). Furthermore, the S. aureus 

TCH1516 CodY binding motif is similar with the CodY binding motif 

(AATTTTCWGAATATTCWGAAAATT) reported in Listeria monocytogenes and Bacillus 

subtilis (Belitsky & Sonenshein, 2013; Biswas et al., 2020). These results suggest that 

CodY likely has a conserved DNA-binding domain in Gram-positive species 

(Supplementary Figure 3.1). 

 

Comparison of in vivo CodY-binding sites in S. aureus TCH1516 and LAC strains 

As two community-associated methicillin-resistant strains, S. aureus TCH1516 

and LAC have an identical CodY sequence (Supplementary Figure 3.2). To investigate 

the direct gene targets of CodY, we employed the same monoclonal antibody to perform 

the ChIP-exo assay in S. aureus LAC under RPMI with 10% LB medium (Wijesinghe et 

al., 2019).  

 

S. aureus LAC has 165 CodY target genes identified at the genome that were 

identical to those from the TCH1516 strain, though their positions at each chromosome 

are different due to the inversions mentioned earlier (Figure 3.2A, bottom panel). The 
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alignment of the binding motifs revealed that the two strains have 18 bp nucleotides 

overlap (p-value= 9.35e-09) (Supplementary Figure 3.3). Among the 165 target genes, 

there are ten genes directly related to virulence in S. aureus TCH1516 and LAC strains 

(Table 3.2), consistent with the report that CodY links metabolism with virulence gene 

expression (Pohl et al., 2009b). Taken together, these data demonstrated that the global 

regulator CodY controls the expression of metabolism and virulence genes in the S. 

aureus (Waters et al., 2016). 

 

The strain-specific binding intensity is associated with a sequence-specific region 

that CodY is bound 

Though the genome-wide CodY binding sites identified were the same in the two 

strains, we found that strain-specific binding peaks had differing intensities 

(Supplementary Figure 3.4). The data showed that some of the binding peaks in 

TCH1516 strain had a higher intensity for CodY than those in LAC.  

To fully evaluate whether the strain-specific binding peaks are due to the changes 

in the sequence-specific affinity to which CodY is bound, we first identified a 20-bp motif 

based on a merged set of CodY binding peaks from the strains using MEME (Bailey et 

al., 2009) (Supplementary figure 3.5). We then utilized a computational method 

MAGGIE to test for the association between CodY binding intensity and the affinity of this 

motif (Shen et al., 2020). To prepare for MAGGIE analysis, the peak sequence with a 

higher binding intensity from a pair of CodY binding sequences of the same target gene 

from TCH1516 and LAC was labeled as a positive sequence, with the other labeled as 

negative (Figure 3.3A).  
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We used MAGGIE to compute differences of representative motif scores within 

each sequence pair. This was accomplished by subtracting the maximal scores of 

negative from positive sequences, and then statistically testing for the association 

between motif score differences and the differences in CodY binding intensity. We found 

a significant p-value (0.0288) and median score difference (1.253) for the CodY MEME 

motif, indicating that stronger CodY binding intensity is associated with a higher affinity of 

the MEME motif that CodY binds to across the genome (Figure 3.3B). Among 135 pairs 

of peaks between the strains, 26% (35/135) had a zero motif score difference, which 

suggested that the pair of peak sequences overlap each other. 

Further, to visualize the differences between a pair of peaks, we mapped CodY 

binding peaks to the reference genome. For example, the sequence of the peak located 

at the upstream of gene yocS in TCH1516 slightly (8 bp) overlaps the corresponding peak 

sequence in LAC (Figure 3.3C). Another example is from a pair of peaks from unknown 

genes USA300HOU_RS01765 and ERW10_08770. They had zero motif score difference, 

and thus we observed that both of peak sequences nearly overlap each other (Figure 

3.3D). 

 

Genome-wide reconstruction of the CodY regulons in the S. aureus USA300 lineage 

The ChIP-exo datasets from this study expanded the size of target genes to 165 

in S. aureus USA300 lineage, which included 128 novel CodY target genes. Of these, 37% 

(47 of 128) were metabolic genes. Nearly all of these 47 metabolic genes were non-

essential genes in S. aureus USA300. 
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To further characterize the regulatory roles of CodY in the S. aureus USA300 

lineage, we compared gene expression profiling of the codY mutant to that of the wild 

type under RPMI with 10% LB medium, and found there were 809 genes differentially 

expressed in the codY mutant (at least 2-fold change (P<0.05) in RNA-seq expression) 

(Figure 3.4A, Supplementary Figure 3.6). The majority of genes related to metabolism 

were up-regulated in the codY mutant, which was consistent with the repressor role that 

CodY plays in S. aureus (Majerczyk et al., 2008).  Further, we used functional enrichment 

analysis by Clusters of Orthologous Groups (COG) classification of 809 differentially 

expressed genes to discover the top six differential enrichment pathways: amino acid 

transporter and metabolism, inorganic ion transport and metabolism, translation, 

ribosomal structure and biogenesis, transcription, carbohydrate transport and metabolism, 

and energy production and conversion (Figure 3.4B).  

Next, to reconstruct the CodY regulon, we compared the expression profiling of 

the codY mutant to the wild type strain. Combining genome-wide target genes with 

transcriptomics, we expanded the size of CodY regulons to 72 target genes that were 

directly regulated by CodY (Figure 3.4C). Over half of regulons (51%, 37 of 72) were 

related to the metabolic pathways (amino acid transport and metabolism, inorganic ion 

transport and metabolism, and energy production/conversion). In addition, 57% (41 of 72) 

of regulons were negatively regulated by CodY in the wild type. We also found that 90% 

(65/72) of CodY regulons had been identified in CodY iModulon, which confirmed the 

regulatory roles of CodY (Supplementary Figure 3.7) (Poudel et al., 2020). Further, 

CodY regulons were directly involved in signal transduction mechanisms, transcription, 

translation, post-translational modification, and defense mechanism. These data 
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indicated that CodY contributes to global regulatory roles beyond the metabolisms in S. 

aureus USA300. 
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3.4 Discussion 

With the increasing number of whole genome sequences becoming available for 

multiple strains of a pathogenic species, the importance of the differences in their 

genomes and gene content is becoming more appreciated (Land et al., 2015). Although 

many properties of pathogenic strains can now be predicted from sequence alone (Monk 

et al., 2013, 2017; Norsigian et al., 2020), detailed experimental characterization of 

differences for multiple strains is also needed. In this study, we combined genome-wide 

experiments and computational modeling to address the differences of CodY in the 

dominant CA-MRSA USA300 clinical isolates TCH1516 and LAC (Vitko & Richardson, 

2013).  

The study resulted in a series of significant findings. First, the study finds, through 

genome genome-wide identification binding sites, the same 165 CodY target genes in 

both strains. Second, a thorough examination of the differential binding intensity for the 

same target genes under the same conditions revealed that the differences were due to 

sequence differences in the same CodY binding site in the two strains while the codY 

gene was identical. This finding gives insights into the system-level analysis of CodY 

target genes and differential binding intensity across closely related strains. Third, the 

study identified ten virulence genes that belong to different types of virulence factors, 

which demonstrated that CodY connects metabolism genes with virulence genes in S. 

aureus (Pohl et al., 2009b). Considering that different S. aureus lineages may have 

distinct virulence factors, we could expand this study to identify many other virulence 

factor genes coordinated by CodY across different S. aureus strains.   
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Taken together, this study demonstrates, for the first time, the differences in the 

function of a conserved globally acting transcription factor (e.g., CodY) between closely 

related pathogenic strains. These results enable a wider range of studies to further 

decipher both subtle and major differences between the phenotypes of sequenced strains. 

This study motivates the characterization of common pathogenic strains and an 

evaluation of the possibility of developing specialized treatments for major strains 

circulating in the population. 
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3.5 Conclusions 

In this study, sequence alignment of genomes from two dominant S. aureus 

USA300 isolates (TCH1516 and LAC) showed a high level of identity. Using a novel CodY 

monoclonal antibody in established ChIP-exo protocols, we identified 165 CodY target 

genes in both strains. Differential binding intensity for the same target genes were due to 

sequence-specific affinity that CodY is bound at the genome. Second, using 

transcriptomic data, we reconstructed a CodY regulon comprising 72 target genes that 

revealed that CodY is mainly involved in amino acid transport and metabolism, inorganic 

ion transport and metabolism, cellular transcription and translation. Our findings 

performed a system-level analysis to examine CodY genome-wide binding sites of two 

dominant USA300 TCH1516 and LAC strains, expanded the size of identified CodY target 

genes and regulon, giving insights into the similarity of CodY regulatory activities between 

closely related strains. 
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3.6 Availability of data and materials 

The ChIP-exo datasets are accessible through GEO under accession number 

GSE159856 and GSE163312. 
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3.7 Figures 

 
 

Figure 3.1 | The comparison of two dominant Staphylococcus aureus USA300 
isolates (TCH1516 and LAC). 
(A) Circular representation of whole genome comparison of S. aureus TCH1516 (internal 

ring) and LAC strains. Each ring of the circle represents a specific complete genome that 

corresponds to different colors in the legend on the right. The similarity between strains 

is represented by the intensity of the color. Darker colors represent higher similarities than 

bright ones. Deleted regions are represented by blank spaces inside the circles. The 

whole genome comparisons were generated by BRIG. Alignment identity cutoffs of 0.8 

(upper) and 0.5 (lower) were used to determine missing regions in the query genome (S. 

aureus LAC) compared to S. aureus TCH1516 reference. Since S. aureus TCH1516 was 

the first genome to be annotated in USA300 lineage, it was used as a reference genome 

for this study. (B) Dot plot of a nucleotide-based alignment of the genomes between S. 

aureus USA300 TCH1516 and LAC. 
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Figure 3.2 | Comparison of CodY-binding sites between TCH1516 and LAC strains. 
(A) Direct comparison of CodY target genes between S. aureus substr. USA300 

TCH1516 and LAC at the genome. Upper panel: an overview of CodY-binding profiles 

across the S. aureus TCH1516 genome at mid-exponential growth phase in RPMI 1640 

+ 10% LB medium. S/N denotes signal-to-noise ratio. (+) and (-) indicate forward and 

reverse reads, respectively. Bottom panel: an overview of CodY-binding profiles across 

the S. aureus LAC strain genome at mid-exponential growth phase under RPMI 1640 + 

10% LB medium. (B) Distribution of in vivo CodY genome-wide binding sites at the 

genome of TCH1516 strain (upper panel). Comparison of CodY-binding sites obtained 

from this study (ChIP-exo) with CodY target genes from S. aureus USMA-1 using IDAP-

Seq (bottom panel). (C) The consensus DNA sequence for S. aureus TCH1516 CodY 

binding motif. (D) The consensus DNA sequences for S. aureus LAC CodY binding motif. 

 

  



 

128 
 

 

 

 

  



 

129 
 

Figure 3.3 | Direct comparison of differential CodY binding peaks between TCH1516 

and LAC. (A) Schematic depicting how differential binding peaks are tested against motif 

score differences using MAGGIE. Positive and negative sequences were used to 

compute motif scores as an estimated likelihood of being bound by CodY. High motif 

scores were shown as solid shapes and low scores as dashed shapes. (B) Calculation of 

the motif score differences for 135 binding peaks between TCH1516 and LAC strains. (C) 

Case study I: the binding peak at the upstream of gene yocS, which has non-zero motif 

score difference between TCH1516 and LAC. Annotations of color code nucleotides were 

shown in the legend. Nucleotides in red and green color represent the CodY peak 

sequences in TCH1516 and LAC, respectively. The grey color denotes the overlap 

between a pair of peak sequences. (D) Case study II: the binding peak at the gene 

USA300HOU_RS01765, which has zero motif score difference between TCH1516 and 

LAC. 
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Figure 3.4 | Role of CodY in regulation of S. aureus USA300 LAC genes differentially 
expressed in the codY mutant.  
(A) The S. aureus USA300 LAC direct CodY regulon. LAC genes that had a CodY ChIP-

exo binding and had at least 2-fold change (P<0.05) in RNA-seq expression comprising 

the codY mutant to the wild-type strain were assigned to the direct regulon. (B) Functional 

enrichment analysis by Clusters of Orthologous Groups (COG) classification of 809 

differentially expressed genes in S. aureus LAC codY mutant compared to wild type. The 

number of genes are based on the annotated genome. The top six enriched pathways 

were amino acid transport and metabolism, inorganic ion transport and metabolism, 

translation, ribosomal structure and biogenesis, transcription, carbohydrate transport and 

metabolism, and energy production and conversion. The functional enrichment was 

analyzed by performing the hypergeometric test. The asterisk indicates hypergeometric 

P-value <0.05. (C) Reconstruction of 72 CodY regulon in S. aureus LAC strain. 
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Supplementary Figure 3.1 | Comparison of CodY sequences among S. aureus 

USA300, L. monocytogenes, and B. subtilis. Red rectangle denotes the CodY DNA-

binding domain (Helix-Turn-Helix domain). 
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Supplementary Figure 3.2 | Comparison of CodY sequences between S. aureus 

USA300 TCH1516 and LAC strains. 
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Supplementary Figure 3.3 | The similarity between TCH1516 CodY binding motif 

and LAC CodY binding motif using TOMTOM.  

There are 18 bp nucleotides overlapping between them (p-value = 9.35e-09). 
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Supplementary Figure 3.4 | Comparison of CodY binding intensity between 

TCH1516 and LAC strains. 
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Supplementary Figure 3.5 | S. aureus USA300 CodY binding motif from a merged 

set of TCH1516 and LAC binding peaks. 
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Supplementary figure 3.6 | A heatmap for wild type and codY mutant samples for 

expression profiling data from S. aureus USA300 LAC. 
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Supplementary Figure 3.7 | Comparison of genes in the CodY regulon (red) and 

CodY iModulon (blue).   

The number in the circle represents the number of genes in the category. 
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Table 3.1 Comparison of annotation features in S. aureus USA300 lineage 
 

 S. aureus TCH1516 S. aureus LAC 

Total sequence length (bp) 2,872,915 2,878,171 

Total chromosome and plasmids 

3, 
NC_010079.1 (chromosome) 
NC_012417.1 (plasmid 1) 
NC_010063.1 (plasmid 2) 

2, 
CP035369.1 (chromosome) 
CP035370.1 (plasmid) 

Gene (total) 2920 2892 

CDS (total) 2841 2802 

Genes/CDS (coding) 2763 2733 

RNA 79 90 

rRNAs (5S, 16S, 23S) 6, 5, 5 7, 6, 6 

tRNAs 59 67 

ncRNAs 4 4 

Pseudo gene (total) 78 69 
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Table 3.2 The CodY target genes considered to be virulence factors in the TCH1516 
and LAC strains 

Virulence factors Gene 
S. aureus 
TCH1516 

S. aureus 
LAC 

Cell wall associated fibronectin binding protein ebh Yes Yes 

Clumping factor B clfB Yes Yes 

Extracellular adherence protein/MHC analogous protein eap/map Yes Yes 

Intercellular adhesin icaB Yes Yes 

Hyaluronate lyase hysA Yes Yes 

Lipase geh Yes Yes 

Serine protease splB Yes Yes 

Sbi sbi Yes Yes 

Type VII secretion system esaG Yes Yes 

Enterotoxin-like K selk Yes Yes 
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3.8 Methods 

Strains and growth conditions.  

The bacterial strains used in this study were described in Dataset 1. Methicillin-

resistant Staphylococcus aureus (MRSA) strain substr. USA300 TCH1516 (also named 

USA300-HOU-MR) was originally isolated from an outbreak in Houston, Texas and 

caused severe invasive disease in adolescents (Hultén et al., 2006). MRSA USA300 LAC 

was originally isolated from the Los Angeles county jail (Vitko & Richardson, 2013). S. 

aureus JE2, as a parental strain, was used for all sequence-defined Tn mutagenesis 

experiments. CodY mutant was from the Nebraska Transposon Mutant Library in which 

each of non-essential genes were disrupted via mariner Tn mutagenesis. All S. aureus 

strains were grown in tryptic soy broth (TSB, Sigma-Aldrich) or RPMI-1640 (Gibco) with 

10% Lysogeny broth (LB, Sigma-Aldrich, MO) containing 10 g/L peptone, 5 g/L yeast 

extract, 10 g/L NaCl with the appropriate antibiotics for plasmid maintenance or selection 

(ampicillin, 100 ug/mL; chloramphenicol, 10 ug/mL) with shaking (250 rpm) at 37℃, 

maintaining a flask-to-medium volume ratio of 9:1, unless otherwise specified. 

 

Monoclonal antibody 

The entire S. aureus codY coding sequence was amplified and ligated into Bam 

HI/Eco RI-cut pGEX-4 T and introduced into E. coli BL21. The resulting glutathione-S-

transferase (GST):: phoP fusion constructs were verified by DNA sequencing. To obtain 

the GST fusion proteins, E. coli cells were grown in 2 × YT medium at 30°C in an orbital 

shaker (180 rpm) to an OD600 of 0.6. Expression was induced with IPTG (0.1 mM final 

concentration) for 5 h. Cells were harvested by centrifugation, washed twice with PBS, 
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lysed by sonication and then mixed with Glutathione Sepharose-4B beads (Pharmacia 

Biotech). Proteins were eluted with 10 mM reduced glutathione (in 50 mM Tris·HCl, pH 

8.0) following the manufacturer’s recommendations and conserved in 40% glycerol at 

−80°C before use. Monoclonal anti-CodY antibody was generated by injection of CodY 

into the BALB/C mouse (Genscript, USA). Mouse anti-CodY IgG monoclonal antibody 

(IgG) was generated and purified (Genscript, USA). 

 

ChIP-exo experiments 

ChIP-exo experimentation was performed following the procedures as below. In 

brief, to identify CodY binding maps for each strain in vivo, the DNA bound to CodY from 

formaldehyde cross-linked cells were isolated by chromatin immunoprecipitation (ChIP) 

with the specific antibodies that specifically recognize CodY(Genscript, USA), and 

Dynabeads Pan Mouse IgG magnetic beads (Invitrogen) followed by stringent washings 

as described previously11. ChIP materials (chromatin-beads) were used to perform on-

bead enzymatic reactions of the ChIP-exo method (Seo et al., 2014). Briefly, 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 ℃ reversed the protein-DNA cross-link. RNAs- and Proteins-removed DNA samples 

were used to perform primer extension and second adaptor ligation with following 



 

144 
 

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. Each modified step was also performed following the manufacturer’s 

instructions. ChIP-exo experiments were performed in biological duplicates. 

 

Peak calling for ChIP-exo dataset 

Each read in raw sequencing data was trimmed to 31bp by using FASTX-toolkit 

(Yee & Tapani, 2017). The sequencing reads were mapped on each reference genome 

(Langmead et al., 2009) using Bowtie (Langmead et al., 2009). The SAM output files 

generated by Bowtie were changed to BAM format using SAMtools (Li et al., 2009). The 

peaks were predicted by the MACE program and were directly curated by Metascope 

visualization (Li et al., 2009). Each peak was adjusted to the 12-13 bp size, which is 

already known in other paper. The calculation of S/N ratio resembles the way to calculate 

ChIP-chip peak intensity where IP signal was divided by Mock signal  

(https://sites.google.com/view/systemskimlab/software?authuser=0). 
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Motif search from ChIP-exo peaks 

The sequence motif analysis for CodY binding sites was performed using the 

MEME software suite (Bailey et al., 2009). For each strain, sequences in binding regions 

were extracted from the reference genome (S. aureus TCH1516: GenBank: 

NC_010079.1, NC_012417.1, and NC_010063.1; S. aureus LAC: GenBank: CP035369.1 

and CP035370.1). To achieve a more accurate motif, the sequence of each binding site 

was extended by 10bp at each end. The width parameter was fixed at 20bp and the 

minsites parameter was fixed at 90% of the total number of the sequence. All other 

parameters followed the default setting.  

 

Clusters of Orthologous groups (COGs) enrichment  

CodY regulons were categorized according to their annotated COG database 

(Tatusov et al., 2000). Functional groups in core, accessory, and unique CodY-regulated 

genes were determined by COG categories. 

 

Multiple genome comparison and alignment 

MUMmer was used to run the complete nucleotide based alignments to check for 

synteny amongst the sequences (Delcher et al., 1999). BLAST Ring Image Generator 

(BRIG) was used to show a genome wide visualization of coding sequences identity 

between S. aureus USA300 TCH1516 and LAC (Alikhan et al., 2011). Multiple genomes 

were analyzed by the M-GCAT, which is a tool for rapidly visualizing and aligning the most 

highly conserved regions in multiple prokaryote genomes. M-GCAT is based on a highly 
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efficient approach to anchor-based multiple genome comparison using a compressed 

suffix graph (Treangen & Messeguer, 2006).  

 

RNA Extraction and Library Preparation 

The S. aureus USA300 isolates JE2, and its derivatives of codY mutant were used 

for this study. The growth conditions and RNA preparation methods for data acquired 

from Choe et al. has been previously described (Choe et al., 2018). Detailed growth 

conditions, RNA extraction, and library preparation methods for other samples have also 

been already described (Poudel et al., 2019). Briefly, an overnight culture of S. aureus 

was used to inoculate a preculture and were grown to mid-exponential growth phase 

(OD600 = 0.4) in RPMI+10%LB medium. Once in the mid-exponential phase, the 

preculture was used to inoculate the media containing appropriate supplementation or 

perturbations. All samples were collected in biological duplicates, originating from 

different overnight cultures. Samples for control conditions were collected for each set to 

account for batch effect. 

 

RNA-Seq Data Processing 

The RNA-seq pipeline used to analyze and perform QC/QA has been described in 

detail previously (Poudel et al., 2019). Briefly, the sequences were aligned to respective 

genomes, JE2, LAC or TCH1516, using Bowtie2 (Langmead & Salzberg, 2012). The 

aligned sequences were assigned to ORFs using HTSeq-counts (Anders et al., 2015). 

Differential expression analysis was performed using DESeq2 with a P-value threshold 

of 0.05 and an absolute fold-change threshold of 2 (Love et al., 2014). To create the final 
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counts matrix, counts from conserved genes in LAC samples were represented by the 

corresponding ortholog in TCH1516. The counts for accessory genes were filled with 0s 

if the genes were not present in the strain (i.e., LAC-specific genes had counts of 0 in 

TCH1516 samples and vice versa). Finally, to reduce the effect of noise, genes with 

average counts per sample <10 were removed. The final counts matrix with 2,581 genes 

was used to calculate transcripts per million (TPM).  

 

Motif mutation analysis 

To gain insights into the CodY motifs from TCH1516 and LAC strains, MAGGIE 

was used for motif mutation analysis (Shen et al., 2020). For CodY, given a pair of CodY 

binding sequences of the same target gene from TCH1516 and LAC strains, the peak 

sequence with a higher binding intensity was considered as a positive sequence; the 

other one with a lower binding intensity was considered as a negative sequence. Here, 

CodY has 135 pairs of positive and negative sequences from TCH1516 and LAC. 

MAGGIE computes differences of representative motif scores (i.e., motif mutations) within 

each sequence pair by subtracting the maximal scores of negative from positive 

sequences and then statistically tests for the association between motif mutations and 

the differences in CodY binding intensity. Positive significant p-values from MAGGIE 

indicate that higher-affinity motif is associated with stronger CodY binding. 
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Chapter 4: The Fur pan-regulon uncovers the diversity of transcriptional 

regulation in Escherichia coli 

 

4.1 Abstract 

Global transcription factors (TFs) have been studied extensively in the reference 

strain Escherichia coli K-12 MG1655 for the past few decades. However, conservation 

and possible diversity of regulons has not been experimentally investigated. With 

experimentally-derived pan-regulon definition for the highly conserved global Ferric 

uptake regulator (Fur), involved in iron homeostasis, we determined Fur regulons in nine 

E. coli strains of different phylogroups with ChIP-exo and RNA-seq. Thirty-six of the 469 

target genes (8%) found belong to the core regulon, comprising genes involved in ion 

transport/metabolism, energy production/conversion, and amino acid 

transport/metabolism. Other 158 target genes (34%) comprise the accessory regulon, 

most of which were related to cell wall structure/biogenesis, and virulence factor pathways. 

The remaining target genes (58%) were unique to each strain, with largely unknown gene 

functions. The pan-regulon is applied to: 1) link strain-specific phenotypes (growth 

impaired, siderophore production, antibiotic resistance) to underlying molecular 

mechanisms; and 2) reveal that Fur has a disparate of target genes between the nine 

strains. Taken together, the Fur transcriptional regulation varies in the E. coli species, 

though the binding pattern is broadly conserved. We thus, for the first time, provide 

experimental evidence of the Fur pan-regulon that shows surprisingly high diversity in 

regulon genes amongst strains of the same species. 
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4.2 Background 

Transcription factors (TFs) control gene expression by direct or indirect activation 

or repression of target genes. Many global TFs are highly conserved, and these play 

defining physiological roles in a wide range of bacteria, enabling them to adapt to 

changing environments (Balleza et al., 2009). For example, iron is a critical cofactor for 

many enzymes in bacteria. To maintain iron homeostasis, the battle between bacteria 

and their surrounding environments leads to the development of a sophisticated 

regulation network to control iron uptake. Ferric uptake regulator (Fur) is a major 

transcription factor to maintain iron homeostasis in the bacteria. Evidence suggests that 

the Fur protein sequence is broadly conserved, and that it is involved in many other 

biological processes across E. coli strains, including oxidative stress response, anaerobic 

metabolism, and even the infection of host cells (Fillat, 2014).   

Previous studies investigated the binding sites of Fur in E. coli K-12 strains 

(Beauchene et al. 2017; Seo et al. 2014). However, the conservation of Fur transcriptional 

regulation has remained puzzling in closely related E. coli strains. There is no 

experimental evidence that the binding patterns of Fur are maintained within E. coli. 

Furthermore, the regulatory relationship is often complex, making a variety of 

computational predictions poorly in terms of its accuracy (Liu et al. 2016). 

To overcome the challenges associated with the computational prediction of 

transcriptional regulation, we combine pan-regulon analysis with genome-scale 

experiments to reconstruct the strain-specific regulons and pan-regulons. Next, we 

compare the regulation of the Fur pan-regulon across different strains to explore the 

conservation of Fur regulation within the species. Here, the regulon refers to the set of 
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genes that are directly regulated by the same regulatory protein. The strain-specific 

regulon refers to a set of genes directly controlled by the same TF in one strain. Similarly, 

the pan-regulon refers to all genes controlled by a specific TF in any of the strains in the 

study.  

Here, we generate the landscape of 1322 genome-wide binding sites of Fur across 

nine different E. coli strains under iron-replete conditions, which are from the phylogroups 

A, B1, B2, D, and E. The results present 508 genes with Fur binding (referred to as “pan-

targets”), which are composed of: 1) 49 (9.6%) genes with Fur binding shared by all 

strains ; 2) 152 (30%) genes shared by more than one strain, but not all; and 3) 307 

(60.4%) genes from an unique strain. With combination of gene expression profiling, we 

further identify Fur regulons for each strain under the same condition, and categorize the 

regulons into three different groups: 1) core regulon: target genes that are common to all 

strains; 2) accessory regulon: target genes that are found in more than one strain, but not 

all of them; and 3) unique regulon: target genes that are found in only one strain. These 

groups comprise the Fur pan-regulon in different E. coli strains, and are responsible for 

the metabolic pathways for iron uptake and storage, and energy production and 

conversion processes. Also, commensal and pathogenic strains demonstrated 

remarkable differences in virulence factor content.  

Furthermore, we apply the Fur pan-regulon to link strain-specific phenotypes 

(growth impairment, siderophore production, antibiotic resistance) to underlying 

molecular mechanisms, and assess the conservation of Fur regulation within E. coli. Our 

results uncover a varied Fur transcriptional regulation in E. coli strains. The work 
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presented here provides insights into understanding the complexity of Fur regulation in 

multiple strains through the application of a pan-regulon. 
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4.3 Results 

Phylogeny analysis reveals high conservation of Fur targets  

To gain insights into the similarity and evolutionary distance of diverse E. coli 

strains, we constructed a phylogenetic tree of thirty-three E. coli strains. The results 

showed the vast E. coli strains belonging to different phylogenetic groups (Figure 4.1A, 

left panel).  

However, many global TFs are highly conserved across these strains. For example, 

the ferric uptake regulator (Fur), which is a master regulator to maintain iron homeostasis, 

is broadly conserved (Supplementary Figure 4.1). A previous study reported Fur binding 

sites in E. coli K-12 MG1655 (Seo et al., 2014), but no studies have investigated the 

conservation of Fur transcriptional regulation across multiple strains. To investigate 

whether Fur-regulated genes exist across the strains, the genomic conservation was 

further analyzed based on the presence or absence of Fur binding sites in E. coli K-12 

MG1655 (Figure 4.1A, right panel). This data showed that the majority of targets that 

Fur binds belong to the core genome, and that the target genes’ sequences are highly 

conserved across different strains.  

Based on the phylogenetic analysis, a set of nine strains belonging to phylogroups 

A, B1, B2, C, D, and E were selected as representative E. coli strains, as they exhibit 

genetic diversity within the species (Table 4.1). These strains include:1) non-pathogenic 

industrial strains (E. coli BL21, Crooks, W, and KO11FL); 2) non-pathogenic laboratory 

strains (E. coli MG1655 and W3110); and 3) pathogenic strains (E. coli O44:H18 042, 

O6:H1 CFT073, and O157:H7 Sakai).  
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Contribution of Fur to growth capabilities are varied for diverse E. coli strains  

Although Fur is highly conserved among E. coli strains, its contributions to growth 

capabilities remain elusive. To evaluate the biological role of Fur on the growth, aerobic 

growth was analyzed under iron-replete and iron-limiting conditions. Under iron-replete 

conditions, E. coli K-12 MG1655, W3110, CFT073, 042, and Sakai showed significantly 

higher growth rates than their �fur strains (Figure 4.1B). No significant difference was 

observed between wild type and their �fur strains for E. coli BL21, Crooks, KO11FL, and 

W. Under iron-limiting conditions, all strains showed similar pattern between wild type and 

their � fur strains (Figure 4.1C). Overall, Fur contributed significantly to the growth 

capabilities for E. coli phylogroups A (MG1655, W3110), B2 (CFT073), D (042), and E 

(Sakai), but did not appear to affect the growth in E. coli phylogroups A (BL21, Crooks), 

and B1(KO11FL) under the test conditions.  

 

Fur binding motif is highly conserved across the E. coli strains  

To decipher the Fur target genes, we performed Chromatin immunoprecipitation 

followed by exonuclease treatment (ChIP-exo) to identify Fur binding sites for all strains, 

with the exception of E. coli MG1655 whose Fur-binding sites were characterized 

previously (Seo et al., 2014). We combined these Fur binding sites with gene expression 

profiling data to generate strain-specific Fur regulons and the pan-regulon, which helps 

in understanding the similarities and differences between Fur binding patterns and 

identifying whether Fur transcriptional regulations differ substantially across E. coli strains 

(Figure 4.2A). Both ChIP-exo and RNAseq results discussed here were under iron-

replete conditions. 
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A total of 1322 Fur-binding peaks were identified from these representative strains. 

Our results showed that the binding landscape of Fur is very similar across the E. coli 

strains (Figure 4.2B). For example, the Fur binding peaks at the known operons 

entCEBAH and fepA are nearly identical in each strain. Here, we refer to binding that is 

shared across most strains as binding conservation. At the genome-wide scale, we found 

that the majority of 137 binding sites in E. coli K-12 MG1655 are conserved: more than 

85% were found in strains W3110 and W, and more than 70% were found in CFT073 and 

042, at a far evolutionary distance in phylogenetic tree (Supplementary Figure 4.2). 

These findings were confirmed by the Fur DNA-binding motif, which was broadly 

conserved across different strains (Figure 4.2C, Supplementary Figure 4.3).  

Our results also showed that the number of binding events was correlated with the 

genome sizes in all strains except for E. coli KO11FL (Supplementary Figure 4.4). 

Another similarity was the percentage of Fur binding sites within putative regulatory 

regions (promoters and 5’-proximal to coding regions) (Figure 4.2D). These observations 

demonstrated that conserved Fur has broadly conserved binding patterns in different E. 

coli strains, though they still show the differential Fur binding sites at the genome.  

 

The Fur pan-regulon is composed of a small core and large accessory gene sets in 

E. coli   

Reconstruction of strain-specific Fur regulon. We combined Fur binding sites with 

gene expression profiling to identify strain-specific Fur regulons across different strains 

(Figure 4.3A, Table 4.2). Strikingly, our results found that each strain showed strain-

specific differences between binding sites and the Fur regulon (Supplementary Figure 
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4.5). On average, pathogenic strains (E. coli CFT073, Sakai, and 042) have greater 

differences compared to non-pathogenic strains (E. coli K-12 MG1655, W3110, and 

Crooks).  

To investigate the mechanisms responsible for the differences, we compared Fur 

binding sites, differentially expressed genes (DEGs), and the Fur regulon for each strain 

(Figure 4.3B). As discussed above, Fur binding is conserved, and the average number 

of Fur bindings is about 185. However, the number of DEGs was significantly higher than 

binding sites, averaging 914 genes. Strain-specific Fur regulons contained an average 

129 genes, with strain W3110 having the largest Fur regulon (180) and MG1655 having 

the smallest (77). The large variation in strain-specific Fur regulon size suggests that 

there are profound differences in the Fur transcriptional regulation across strains, and 

that studies including multiple strains are needed in order to comprehensively define a 

pan-regulon.  

 

Assembly of Fur pan-regulon. To understand the similarities and differences of the Fur 

regulon across the strains, we assembled the pan-genome and then the pan-regulon. In 

total, the Fur pan-regulon contained 469 orthologous groups, which we subdivided into: 

1) the core regulon (36 target genes regulated by Fur across all strains), 2) the accessory 

regulon (158 target genes regulated in a subset of strains), and 3) the unique regulon 

(275 target genes regulated in only one strain) (Figure 4.3C, Table 4.3). On average, 

only 30% of the Fur regulon in a strain is part of the core regulon, while 49% is accessory 

and 21% is unique. These observations indicate that Fur has different regulation across 

the strains.  
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Pan-genome vs. Pan-regulon curve. To explore whether new regulatory targets would 

be discovered as new strains are studied, and whether the rate of discovery followed the 

rate of novel gene discovery, we built pan- and core-genome curves for these strains, as 

well as Fur pan- and core-regulon curves (Figure 4.3D). We fit Heaps’ law (� = � ∗ 	
) 

to these two curves to estimate the decay rates (i.e., the rate of novel gene discovery). In 

both cases, the decay rate �was larger than zero, which means that the pan-genome and 

the pan-regulon are “open”. Hence, we can expect that the pan-regulon will increase in 

size indefinitely as more strains are analyzed. However, since the pan-genome decay 

rate was larger than the pan-regulon decay rate (����������� =  0.5 < ����������  =

 0.7 ), the rate of discovery of novel regulatory targets is likely to be smaller than that of 

novel genes. 

Additionally, we analyzed each gene in the pan-regulon, and categorized them into 

core, accessory, and unique genomes, based on their presence/absence profile across 

strains (Table 4.4). We found that while 149 genes (32%) of the Fur pan regulon are part 

of the core genome, only 36 (~8%) were regulated across all strains. These results reveal 

that the Fur regulatory network changes on a strain-by-strain basis, and that homologous 

genes are not regulated the same. 

Overall, the pan-regulon analysis provides insight into how Fur regulates 

homologous target genes differently across the E. coli strain. Next, we apply the pan-

regulon to analyze the underlying mechanisms of the biological roles Fur plays in E. coli.  

 



 

163 
 

The Pan-regulon characterizes a link between strain-specific phenotypes and 

molecular mechanisms 

Previous studies reported that Fur is involved in many biological processes in the 

gram-negative bacteria, including iron homeostasis, production of siderophores, antibiotic 

resistance, and virulence. Here, we examined these phenotypes and linked them to 

molecular mechanisms through the pan-regulon.  

To examine the functional composition of the pan-regulon, we classified each gene 

using Clusters of Orthologous Groups (COGs) (Galperin et al., 2015) and found that the 

most represented groups were inorganic ion transport and metabolism, unknown 

functions, and energy production and conversion (Figure 4.4A).  

First, the core regulon is enriched with inorganic ion transport and metabolism 

(including cirA, entABCEFHS, exbBD, fepABCD, fes, fiu, gmpA, nrdEFHI, sufBCDES, 

ybdZ, yqjH). While the core regulon has a small set of genes, it is mainly responsible for 

iron homeostasis. The proposed model indicated that the core/accessory regulons are 

directly involved in enterobactin biosynthesis, iron transport, and storage pathways in E. 

coli (Figure 4.4B).  

Next, we investigated the production of siderophore and found that �fur strains 

generated a high level of siderophore compared to the wide type, when cells grew to the 

stationary phase (Supplementary Figure 4.6). Our results suggested that most of the 

target genes relevant to siderophore synthesis belong to the core regulon and were highly 

upregulated upon the deletion of Fur across the strains (Table 4.5).  

Third, we investigated the influence of Fur on antibiotic resistance. Previous 

studies demonstrated that loss of Fur facilitated the evolution of ciprofloxacin resistance 



 

164 
 

in Escherichia coli BW25113 (Méhi et al., 2014), and found expression change of a set of 

genes (tar, fliA, fiu, mntH, amtB, citC, entC, entE, wzc, yfiL, yjjZ ) associated with adaptive 

resistance (Erickson et al., 2017). Here, we mapped related regulatory networks to pan-

regulons and found that Fur and its regulon are involved in control of antibiotic resistance 

(Figure 4.4C). For example, fiu, mntH, entC, entE, and yjjZ belong to the core regulon, 

and were upregulated upon the deletion of Fur (Table 4.6). OxyR is an additional regulator 

that co-regulates genes associated with the pan-regulon.  

Finally, we utilized the pan-regulon to explore the effect of Fur on the regulation of 

virulence. In total, virulence factors constituted 11% (52 out of 469) of the pan-regulon, of 

which only nine were commonly regulated by Fur across all strains, including fepABCD 

and entBCEFS (Figure 4.4D). Incidentally, all three pathogenic strains, (strains 042 (n = 

40), CFT073 (n = 31), and Sakai (n = 19)), had the largest numbers of Fur regulated 

virulence factors among the nine strains. Specifically, eight heme uptake and utilization 

genes (chuASTUVWXY) were uniquely shared and regulated by Fur in the pathogenic 

strains, while sitABCD (mediating metal ion transport) and ybtAEPQSTUX (mediating 

siderophore biosynthesis) were regulated in two of the three pathogenic strains. Strain 

042 (an EAEC strain) stood out as being the only strain having aaiKLMNOP (a putative 

type IV secretion system) in its Fur regulon, while strain CFT073 (a UPEC strain) was the 

only strain to include iroBCN (mediating salmochelin synthesis). Importantly, when strains 

were clustered according to their Fur regulon content, the three pathogenic strains 

clustered together while the nonpathogenic strains clustered according to their 

phylogenetic background. Taken together, these results suggest that the evolution of the 

Fur regulatory network may have been influenced by the niches to which the strains are 
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adapted. In addition, the loss of Fur regulons leads to distinct phenotypes in growth, 

siderophore biosynthesis, and antibiotic resistance. Our observations hint that the pan-

regulon links the phenotypes resulting from the loss of Fur to the regulation of the pan-

regulon.  

 

The pan-regulon reveal strain-specific Fur regulon varies at the transcriptional 

level in E. coli 

Examination of How binding sites in closely related strains are conserved is a 

fundamental question in biology that has been extensively investigated by computational 

methods (Tribelli et al., 2019). However, conservation of the pan-regulon in closely related 

strains has remained elusive, due to the lack of the transcriptional profiling data. 

Therefore, we applied the gene expression data from strain-specific Fur regulons to 

assess the conservation of Fur transcriptional regulation in E. coli.  

First, we depicted the absence-presence-variation of the Fur pan-regulon in E. coli. 

Absence-presence-variation (APV) of regulon, referred to the absence, presence, or 

variation of target genes at the transcriptional level. It is an important genetic feature to 

discover differential regulation across diverse strains. For the core regulon, all of the 

target genes are present across the strains (Figure 4.5A, Table 4.7). Our results showed 

that the majority of genes have similar transcriptional regulation patterns with the 

exception of for ydiE (black arrowhead in Figure 4.5A). Specifically, they were up-

regulated upon the deletion of Fur, but ydiE was down-regulated in E. coli BL21.  

For the accessory regulon, our data revealed two types of APV information: the 

first is that the regulon has the same regulatory mode when a certain regulon is present 
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in specific strains, for instance, operon dppBCD in W3110, W, KO11FL, BL21, Crooks, 

and Sakai (Figure 4.5B, red arrow); The other is that the regulon has a different 

regulation mode, for example, operon sdhABCD in MG1655, W3110, W, KO11FL, BL21, 

Crooks, and Sakai (Figure 4.5B, black arrows). The expression of operon sdhABCD 

was up-regulated in W3110 upon the deletion of fur. According to APV of the regulon, 23% 

(37/158) of the total accessory regulon have a different regulatory mode. Overall, these 

observations suggested that Fur regulons have varied regulation in closely related strains.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

167 
 

4.4 Discussion 

We identified the genome-wide binding sites of Fur across different E. coli strains, 

and then demonstrated that the binding landscape is highly conserved, with similarity in 

the consensus sequences of Fur motifs. Moreover, we provided a method with the 

combination of genome-wide binding and transcriptomics to reconstruct Fur strain-

specific regulons in the model prokaryote E. coli. Our results revealed that: (1) the core 

regulon is a small set of the genes, but mainly contributes to the iron homeostasis; and 

(2) the accessory/unique regulon is composed of a large set of genes that contribute to 

diverse biological roles, including cell wall biogenesis, virulence factor pathways, and 

largely unknown functions, presumably reflecting different evolutionary niches. 

The binding state of TFs and the expression of target genes depends on the 

environmental conditions, such as presence or absence of effectors, and other physical 

stimuli (Bervoets & Charlier, 2019). A previous study reported the genome-wide bindings 

and the expression of Fur regulons at aerobic and anaerobic conditions (Beauchene et 

al., 2015). This is possibly due to the fact that the conditions selected in the previous 

study were different, resulting in differentially expressed activity in the same strain. Thus, 

the analysis of the pan-regulon in this study was based on the iron-replete conditions. 

Thus these results are important to exploit the impact of environmental perturbations on 

the expression of strain-specific regulons and pan-regulon.  

Furthermore, we have shown that the application of the Fur pan-regulon uncovered 

the links between strain-specific phenotypes and the underlying mechanisms, and 

provided a multidimensional understanding of conservation of Fur binding and regulation 

in E. coli. Our method, combined with the multi-omics data of the transcription factors 
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under certain conditions, can provide a path to understanding the conservation of 

transcriptional regulation in prokaryotes. 
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4.5 Conclusions 

In this study, we combine omics datasets (ChIP-exo and RNA-seq) to reconstruct 

strain-specific Fur regulon and pan-regulon across nine representative E. coli strains. 

First, we identify Fur regulons for each strain under the same condition, reconstruct the 

pan-regulon across representative strains, and categorize the regulons into three different 

groups: 1) core regulon: target genes that are common to all strains; 2) accessory regulon: 

target genes that are found in more than one strain, but not all of them; and 3) unique 

regulon: target genes that are found in only one strain. These groups comprise the Fur 

pan-regulon in different E. coli strains, and are responsible for the metabolic pathways for 

iron uptake and storage, and energy production and conversion processes. Also, 

commensal and pathogenic strains demonstrated remarkable differences in virulence 

factor content. 
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4.6 Availability of data and materials 

The whole dataset of ChIP-exo and RNA-seq has been deposited to GEO with the 

accession number of GSE150240 and GSE150501. 
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4.7 Figures 

Figure 4.1 | Phylogeny and genetic conservation of the Fur target genes across the 
E. coli strains.  
(A) The phylogenetic tree of diverse Escherichia coli strains. Left panel: the tree lists 33 

different E. coli strains. Both multi-locus sequence types and phylogroups are portrayed. 

Each phylogroup (A, B1, B2, C, D, E, F, G) is marked by a specific color. The strains 

analyzed in this study are shown in bold fonts. The heat map represents the sequence 

conservation of genes with Fur targets relative to E. coli K-12 MG1655. The blue color 

represents the sequence conservation. Each element in the matrix represents the gene 

presence or absence, and the conservation (if present) in the strain listed on the left. The 

blank element represents the absence of genes in the strain listed. Strain CFSAN051542 

was shown to be missing for the phylogroup classification, which could result from gene 

loss.  

(B) Growth rate of nine representative E. coli strains under iron-replete conditions. Each 

wild-type strain (WT) is paired with its isogenic �fur mutant, as indicated in the figure 

legend. Significantly different growth rates between WT and mutant strains was assessed 

by using two-sample t tests (**, P < 0.01, *, P <0.05). The color circle before strain name 

corresponds to the phylogroup classification used in Figure 1A. Specifically, E. coli K-12 

MG1655, W3110, 042, and Sakai (p-value < 0.05), CFT073 (p-value < 0.001).   

(C) Growth rate of nine representative E. coli strains under iron-limiting conditions. 

Significantly different growth rates between WT and mutant strains was assessed by 

using two-sample t tests (**, P < 0.01, *, P <0.05).  
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Figure 4.2 | Comparison of genome-wide binding of Fur in the E. coli strains.  
(A) The schematic of the experimental workflow to reconstruct a strain-specific Fur 

regulon and pan-regulon. (B) Comparison of genome-wide binding in the nine E. coli 

strains under iron-replete condition. Right panel: zoom-in view of the binding sites at the 

operon entABCE, and fes-ybdZ-entF. (C) The representative Fur boxes (consensus 

sequences) from commensal (W3110) and pathogenic E. coli (CFT073) strains. (D) The 

percentage of binding peaks distributed at the promoter and internal regions in E. coli 

strains. 
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Figure 4.3 | The reconstruction of strain-specific Fur regulons and pan-regulon in 
E. coli.  
(A) The comparison of Fur binding sites, differentially expressed genes (DEGs), and 

strain-specific Fur regulon per strain. The average number of Fur bindings, DEGs, and 

strain-specific Fur regulons were 185, 914, and 129, respectively.  

(B) The composition of the Fur pan-regulon. The venn diagram shows the distribution of 

orthologous groups that are regulated by Fur across nine E. coli strains into the core, 

accessory, and unique regulon. The unique regulon contains genes that are present 

across multiple strains. As such, we display two numbers for the unique regulon 

separated by a dashed line: 1) the number of genes that are uniquely carried in one strain, 

and uniquely regulated in one strain (displayed outside of the dashed lines), and 2) the 

number of genes that are part of the unique regulon but are shared across multiple strains.  

(C) Comparative analysis of the strain-specific Fur regulon using Treemap. The 

combination of Fur binding sites with gene expression profiling under iron-replete 

conditions was used to generate nine strain-specific Fur regulons. Next, based on the 

definition of the pan-regulon, all of the Fur regulons analyzed in the study were classified 

into three groups: the core, accessory, and unique regulon. Finally, a comprehensive 

treemap was constructed based on the phylogeny and the number of genes in the 

accessory/unique regulon per strain. Each rectangle represents one strain with which it 

was labeled; the square of each rectangle represents the number of genes in the 

accessory regulon per strain; the color denotes the number of genes in the unique regulon 

per strain. The strains belonging to the same phylogeny would be drawn together in the 

treemap.  

(D) Curves for the pan- and core genome, and Fur pan- and core regulon in the E. coli. 

Strains were randomly sampled and drawn one at a time. The pan-genome and pan-

regulon curves were drawn as in the method described (Seif et al., 2018). 
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Figure 4.4 | The model of Fur regulatory mechanisms using pan-regulon analysis.  
(A) Distribution of Fur pan-regulon genes per functional category as determined by the 

clusters of orthologous groups ontology (COGs). The majority of the pan-regulon belongs 

to inorganic ion transport and metabolism, and energy production and conversion.  

(B) The model of the mechanism of Fur-mediated regulation of the inorganic ion transport 

and metabolism.  

(C) The regulatory network of Fur pan-mediated regulation to the antibiotic response. 

Arrows indicate the direction of the regulation (i.e. Fur directly regulates fiu).  

(D) Distribution of virulence factors of the Fur pan regulon. The two most represented 

categories are siderophore production and heme uptake. Strains CFT073 and 042 have 

the largest numbers of virulence factors regulated by Fur. Some virulence factors such 

as hma are regulated by Fur in one strain (W3110) but not in other strains (CFT073, strain 

042, Sakai, and BL21), despite being present in these strains. 
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Figure 4.5 | The conservation of Fur transcriptional regulation between the E. coli 
strains.  
(A) Heatmap showing expression of genes belonging to the core regulon. The arrowhead 

points out the gene ydiE in BL21. The color represents the log2 (fold change of �fur vs. 

WT).  

(B) Heatmap showing expression of genes belonging to the accessory regulon. The 

absence of a gene in the strain is indicated by a blank element. Zoom-in view of the 

expression for the operon sdhABCD (black arrows), and the operon dppBCD (red arrows). 
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Supplementary Figure 4.1 | The alignment of Fur protein sequences shows a high 
degree of sequence conservation across the representative E. coli strains.  
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Supplementary Figure 4.2 | The landscape of genome-wide Fur binding sites in E. 
coli strains under iron-replete and iron-deplete conditions.  
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Supplementary Figure 4.2 | The landscape of genome-wide Fur binding sites in E. 
coli strains under iron-replete and iron-deplete conditions (cont.).  
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Supplementary Figure 4.2 | The landscape of genome-wide Fur binding sites in E. 
coli strains under iron-replete and iron-deplete conditions (cont.).  
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Supplementary Figure 4.2 | The landscape of genome-wide Fur binding sites in E. 
coli strains under iron-replete and iron-deplete conditions (cont.).  
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Supplementary Figure 4.3 | Illustration of the conservation of Fur binding motifs.  
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Supplementary Figure 4.4 | The correlation between the number of Fur-binding 
sites and the genome size.  
Blue represents iron-replete condition; yellow represents iron starvation condition. R2 = 

0.08 and R2 = 0.27 for iron-replete and iron-deplete conditions, respectively.  
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Supplementary Figure 4.5 | Comparison between the number of Fur binding sites 

and Fur regulon across the strains. 
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Supplementary Figure 4.6 | Detection of siderophore production for WT and fur 
knockout strains. 
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Table 4.1 The characteristics of representative E. coli strains used in this study 
 

Strain Size 
(bp) 

No. of 
genes 

Gene density 
(genes/Kbp) 

No. of 
contigs 

Accession No. Pathotype, 
serotype, other 
characteristics 

E. coli K12 
MG1655 

4639675 4497 0.9692 1 NC_000913.2 Commensal, K12 

E. coli K12 
W3110 

4646332 4793 1.0316 1 NC_007779.1 Commensal, K12 

E. coli Crooks 
(ATCC8739) 

4746218 4827 1.0170 1 NC_010468.1 K12 derivative 

E. coli 
BL21(DE3) 

4558953 4700 1.0309 1 NC_012971.2 Commensal, 
strain B 
phylogroup 

E. coli W 
(ATCC9637) 

5008864 5195 1.0372  3 NC_017635.1 
/NC_017636.1 
/NC_017637.1 

B1 phylogroup 

E. coli O157 : 
H7 sakai 

5594477 5446 0.9735 3 NC_002695.1 
/NC_002127.1 
/NC_002128.1 

EHEC, O157: H7 

E.coli CFT073 5231428 5421 1.0362 1 NC_004431.1 UPEC, O6:K2:H1 

E. coli 
KO11FL 

5027172 5259 1.0461 2   NC_017660.1 
/NC_017661.1 

  

E. coli O44: 
H18 042 

5355323 5580 1.0420 2 NC_017626.1 
/NC_017627.1 

 EAEC,      O44: 
H18 
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Table 4.2 The number of Fur strain-specific regulon across the E. coli 
 

  Core regulon Accessory regulon Unique regulon Strain-specific regulon 

E. coli K12 MG1655 36 37 4 77 

E. coli K12 W3110 36 91 53 180 

E. coli W 36 52 13 101 

E. coli KO11FL 36 53 51 140 

E. coli O44: H18 042 36 89 43 168 

E. coli BL21(DE3) 36 67 5 108 

E. coli Crooks 36 63 11 110 

E. coli O157 : H7 sakai 36 48 29 113 

E.coli CFT073 36 68 66 170 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

191 
 

Table 4.3 Comparison of Pan-genome and pan-regulon in E. coli.  
 

Pan-genome No. of genes 

VS 

Pan-regulon No. of regulon 

Category 

Core 3032 

Category 

Core 36 

Accessory 158 

 

Accessory 2289 

 

Unique 275 

 

Unique 1791 
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Table 4.4 Composition of pan-genome and pan-regulon in E. coli 
 

Pan-genome No. of genes Pan-regulon No. of regulon 

Category 

Core 3032 

Pan-regulon 

Core 36 

Accessory 88 

Unique 25 

N/A 2883 

Accessory 2289 

Pan-regulon 
Accessory 70 

Unique 110 

N/A 
2109 

Unique 1791 
Pan-regulon Unique 140 

N/A 
1651 
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Table 4.5 Gene expression of Fur pan-regulon involved in siderophore synthesis 
and export from fur knockout strains 
 

Category 
Representative 

gene 

E. coli 
K-12 

MG1655 

E. coli 
K-12 

W3110 

E. 
coli 
W 

E. coli 
KO11FL 

E. 
coli 
042 

E. coli 
BL21(DE3) 

E. coli 
Crooks 

E. coli 
O157:H7 

Sakai 

E. coli 
CFT073 

Core 
regulon 

entC 5.98 9.99 8.70 4.73 9.39 6.77 6.08 6.32 6.89 

Core 
regulon 

entE 5.93 9.99 9.09 4.84 7.81 5.90 6.30 6.14 6.41 

Core 
regulon 

entB 5.68 8.47 9.12 5.22 5.55 5.52 6.34 5.97 5.77 

Core 
regulon 

entA 5.35 7.79 7.94 5.21 5.86 5.42 5.84 6.05 5.43 

Core 
regulon 

entH 5.53 6.66 8.07 5.19 5.54 5.24 5.78 5.75 5.39 

Core 
regulon 

fes 5.42 9.39 8.07 4.71 8.50 7.95 6.06 5.18 7.02 

Core 
regulon 

ybdZ 6.19 9.40 6.73 5.70 5.07 7.58 6.61 5.09 6.95 

Core 
regulon 

entF 5.43 7.89 7.96 5.38 6.35 5.63 5.78 5.62 4.64 

Core 
regulon 

entS 2.75 7.42 4.07 1.83 5.86 3.99 3.18 2.78 5.02 

Accessory 
regulon 

entD 5.47 6.68 N/A 6.12 5.29 N/A N/A N/A 3.02 

Unique 
regulon 

fepE 3.31 N/A N/A N/A N/A N/A N/A N/A N/A 
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Table 4.6 Gene expression of pan-regulon that involved in antibiotic resistance 
from E. coli strains 
 

Category 
Representati

ve gene 
Functional 

class 

E. coli 
K-12 

MG165
5 

E. 
coli 
K-12 
W311

0 

E. 
coli 
W 

E. coli 
KO11F

L 

E. 
coli 
042 

E. coli 
BL21(DE

3) 

E. coli 
Crook

s 

E. coli 
O157:H
7 Sakai 

E. coli 
CFT07

3 

Core 
regulon 

fiu 
Membrane 
componen

ts 
5.47 10.03 

8.3
5 

5.19 
8.0
4 

7.09 6.53 5.83 6.20 

Core 
regulon 

mntH Transport 1.16 2.49 
2.7
9 

2.99 
2.3
3 

1.72 1.85 3.30 2.93 

Core 
regulon 

entC Metabolic 
& 

biosyntheti
c 

processes 

5.98 9.99 
8.7
0 

4.73 
9.3
9 

6.77 6.08 6.32 6.89 

Core 
regulon 

entE 5.93 9.99 
9.0
9 

4.84 
7.8
1 

5.90 6.30 6.14 6.41 

Core 
regulon 

yjjZ Unknown 7.91 10.25 
8.4
9 

11.32 
7.2
8 

5.54 7.67 8.12 6.41 

Accessor
y regulon 

ydhY 
ferredoxin-
like protein 

N/A N/A N/A 1.08 
-

4.6
8 

-2.88 N/A N/A N/A 

N/A oxyR Regulator N/A N/A N/A 0.43 N/A -0.21 N/A N/A N/A 
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Table 4.7 The change of expression for the core regulon in E. coli strains  
 

  

E. coli K-12 
MG1655 

E. coli K-12 
W3110 

E. 
coli 
W 

E. coli 
KO11FL 

E. coli 
042 

E. coli 
BL21(DE3) 

E. coli 
Crooks 

E. coli 
O157:H7 

Sakai 

E. coli 
CFT073 

yjjZ 7.91 10.25 8.49 11.32 7.28 5.54 7.67 8.12 6.41 

fepA 6.60 9.19 9.69 6.15 9.62 7.59 7.49 7.27 6.42 

entC 5.98 9.99 8.70 4.73 9.39 6.77 6.08 6.32 6.89 

cirA 6.73 9.40 9.17 5.61 9.01 7.46 7.18 7.19 2.55 

fiu 5.47 10.03 8.35 5.19 8.04 7.09 6.53 5.83 6.20 

entE 5.93 9.99 9.09 4.84 7.81 5.90 6.30 6.14 6.41 

fes 5.42 9.39 8.07 4.71 8.50 7.95 6.06 5.18 7.02 

ybdZ 6.19 9.40 6.73 5.70 5.07 7.58 6.61 5.09 6.95 

entB 5.68 8.47 9.12 5.22 5.55 5.52 6.34 5.97 5.77 

entA 5.35 7.79 7.94 5.21 5.86 5.42 5.84 6.05 5.43 

entF 5.43 7.89 7.96 5.38 6.35 5.63 5.78 5.62 4.64 

entH 5.53 6.66 8.07 5.19 5.54 5.24 5.78 5.75 5.39 

nrdH 5.04 7.15 7.19 4.32 7.91 5.80 4.64 3.14 3.51 

nrdI 4.97 8.94 4.11 3.66 6.61 6.84 4.27 3.53 4.94 

nrdE 4.52 7.46 4.99 3.72 5.45 4.99 4.22 3.49 4.55 

nrdF 4.43 6.25 4.82 3.41 4.91 4.70 4.53 3.31 3.78 

fhuF 2.02 8.49 4.33 2.33 7.52 4.79 2.84 2.24 4.71 

entS 2.75 7.42 4.07 1.83 5.86 3.99 3.18 2.78 5.02 

Note, the number of each element represents the log2 (fold change of fur KO vs. WT) for each regulon 
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Table 4.7 The change of expression for the core regulon in E. coli strains (cont.) 
 

  

E. coli K-12 
MG1655 

E. coli K-
12 W3110 

E. 
coli 
W 

E. coli 
KO11FL 

E. coli 
042 

E. coli 
BL21(DE3) 

E. coli 
Crooks 

E. coli 
O157:H7 

Sakai 

E. coli 
CFT073 

ydiE 2.87 8.14 5.24 2.91 7.08 -1.10 3.20 2.23 5.16 

fepD 2.47 7.13 3.67 2.05 5.45 3.83 2.98 2.36 4.99 

sufB 2.72 5.79 3.46 2.50 5.36 3.24 3.33 3.35 4.06 

fepB 2.62 5.86 3.51 2.23 4.19 3.77 2.69 3.54 4.19 

fepG 2.61 6.91 3.82 1.45 4.45 3.21 2.82 2.53 4.48 

sufD 2.68 5.39 3.87 2.54 4.38 3.42 3.57 3.11 3.23 

fepC 2.67 6.94 3.78 2.25 4.65 2.06 2.88 2.47 3.74 

sufS 2.73 4.63 4.01 2.92 3.88 3.44 3.51 3.20 2.81 

sufE 2.58 4.37 4.00 3.22 4.06 4.10 3.33 2.46 2.52 

sufC 2.46 5.42 3.44 2.35 4.66 1.86 3.25 3.05 3.66 

efeO 1.55 7.67 3.51 1.06 4.37 3.21 2.35 1.82 4.52 

efeB 1.30 6.25 3.32 1.02 4.50 2.27 2.12 1.78 4.49 

exbB 1.87 5.53 2.71 1.95 3.66 2.55 2.32 1.86 3.61 

exbD 1.97 5.27 2.81 1.89 3.59 2.68 2.22 1.91 3.44 

yqjH 2.10 4.24 2.75 2.11 3.38 2.31 2.25 1.63 1.89 

gpmA 1.77 3.33 2.45 2.64 2.52 2.57 2.20 1.65 2.59 

mntH 1.16 2.49 2.79 2.99 2.33 1.72 1.85 3.30 2.93 

ybaN 1.16 3.79 1.47 1.44 3.11 2.23 1.95 1.33 2.26 

Note, the number of each element represents the log2 (fold change of fur KO vs. WT) for each regulon 
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4.8 Methods 

Bacterial strains, media, and growth conditions 

All strains (wild type, myc-tagged, and knockout strains) used in this study are 

derived from Escherichia coli K-12 MG1655. For ChIP-exo experiments, the strains 

harboring 8-myc were generated by a λ red-mediated site-specific recombination system 

targeting C-terminal region as described previously (Cho et al., 2006). For expression 

profiling by RNA-seq, fur strains from all strains were also constructed by a λ red-

mediated site-specific recombination system (Datta et al., 2006). For ChIP-exo 

experiments, glycerol stocks of 8-myc strains were inoculated into M9 minimal media 

(47.8 mM Na2HPO4, 22 mM KH2PO4, 8.6 mM NaCl, 18.7 mM NH4Cl, 2 mM MgSO4, and 

0.1 mM CaCl2) with 0.2% (w/v) glucose. For iron-replete condition, M9 minimal media was 

supplemented with 0.1 mM FeCl2; for iron-depleted condition, M9 minimal media was 

supplemented with 0.2 mM 2,2’-dipyridyl at early-log phase and continue to culture at 37 

oC for additional 2h with vigorous agitation; for Iron-limiting condition: the cells were grown 

on M9 minimal medium without any iron source; for regulatory condition, M9 minimal 

media was supplemented with 1 mL trace element solution (100X) containing 1 g EDTA, 

29 mg ZnSO4.7H2O, 198 mg MnCl2.4H2O, 254 mg CoCl2.6H2O, 13.4 mg CuCl2, and 147 

mg CaCl2. The culture was incubated at 37 oC overnight with agitation and then was used 

to inoculate the fresh media (1/200 dilution). The volume of the fresh media was 150 mL 

for each biological replicate. The fresh culture was incubated at 37 oC with agitation to 

the mid-log phase (OD600 ≈ 0.5). For RNA-seq expression profiling, glycerol stocks of all 

strains were inoculated into M9 minimal media with the same carbon sources as used in 

the ChIP-exo experiment. The concentration of carbon sources was 0.2% (w/v). For iron-
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replete condition, M9 minimal media was also supplemented with 0.1 mM FeCl2. The 

culture was incubated at 37 oC overnight with agitation and then was used to inoculate 

the fresh media. The fresh culture was incubated at 37 oC with agitation to the mid-log 

phase (OD600 ≈ 0.5). 

 

Measurement of bacterial growth 

The effects of iron-limited conditions on cell growth were examined by growing all 

strains and fur strain under M9 minimal glucose medium without trace element solution. 

Cells grown overnight on M9 minimal glucose medium at 37 oC with agitation were 

inoculated into the fresh media, then were incubated at 37 oC with agitation. Similarly, to 

measure growth on iron-replete condition, the culture was incubated at M9 minimal media 

was supplemented with 0.1 mM FeCl2 at 37 oC overnight with agitation and then was used 

to inoculate the fresh media (1/200 dilution). The volume of the fresh media was 150 mL. 

The fresh culture was incubated at 37 oC with agitation. All of the growth curves were 

measured by three independent experiments at least and recorded by OD600 using 

Thermo BIOMATE 3S UV-visible spectrophotometer. The growth rate was calculated by 

Growthcurver, which provides several growth curve metrics with intuitive biological 

interpretation, including the growth rate (Sprouffske & Wagner, 2016). All the data from 

the plate reader were fitted to a standard form of the logistic equation. The significant 

difference between wild type and fur strain was determined by the t test, P<0.05. 
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ChIP-exo experiments 

ChIP-exo experimentation was performed following the procedures as below. In 

brief, to identify Fur binding maps for each strain in vivo, the DNA bound to Fur from 

formaldehyde cross-linked cells were isolated by chromatin immunoprecipitation (ChIP) 

with the specific antibodies that specifically recognize myc tag (9E10, Santa Cruz 

Biotechnology), and Dynabeads Pan Mouse IgG magnetic beads (Invitrogen) followed by 

stringent washings as described previously (Cho et al., 2014). ChIP materials (chromatin-

beads) were used to perform on-bead enzymatic reactions of the ChIP-exo method (Rhee 

& Pugh, 2012). Briefly, 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 oC 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 (Seo et al., 2014) 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 
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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. Each 

modified step was also performed following the manufacturer’s instructions. ChIP-exo 

experiments were performed in biological duplicates. 

 

RNA-seq expression profiling 

Three milliliters of cells from mid-log phase cultures were mixed with 6 mL 

RNAprotect Bacteria Reagent (Qiagen). Samples were mixed immediately by vortexing 

for 5 s, and incubated for 5 min at room temperature, and then centrifuged at 5000g for 

10 min. The supernatant was decanted and any residual supernatant was removed by 

inverting the tube once onto a paper towel. Total RNA samples were then isolated using 

RNeasy Plus Mini kit (Qiagen) following the manufacturer’s instructions. Samples were 

then quantified using a NanoDrop 1000 spectrophotometer (Thermo Scientific) and 

quality of the isolated RNA was checked by running RNA 6000 Pico Kit using Agilent 2100 

Bioanalyzer (Agilent). Paired-end, strand-specific RNA-seq library was prepared using 

KAPA RNA Hyper Prep kit (KAPA Biosystems), following the instruction (Quail et al., 2011; 

Ross et al., 2013; Quail et al., 2011). Resulting libraries were analyzed on an Agilent 

Bioanalyzer DNA 1000 chip (Agilent). Sequencing was performed on a Hiseq 2500. 

 

Reconstruction of Phylogenetic tree  

A total of three hundred complete genomic sequences of E. coli were downloaded 

from the Pathosystems Resource Integration Center database and re-annotated using 
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Prokka (Seemann, 2014; Wattam et al., 2017). The E. coli pan genome was built as in 

using CD-HIT (Seif et al., 2018). Briefly, annotated coding DNA sequences were clustered 

into orthologous groups based on sequence similarity and the pan genome matrix was 

built in which rows represent orthologous groups, columns represent strains, and cell 

entries indicated whether an orthologous group was shared in each strain. In order to 

reduce the set of strains while maintaining the maximum phylogenetic diversity, strains 

were clustered into 33 groups (11% of samples) by running the scipy k-means algorithm 

minimizing the Euclidean distance between genome content. The pan genome matrix 

was used as input, and one representative strain was randomly chosen for each cluster. 

Each representative was then assigned to a multi-locus sequence type using the mlst 

GitHub repository which pulls its content from PubMLST (Jolley & Maiden, 2010; 

Seemann, n.d.), and to a phylogroup using ClermonTyping (Beghain et al., 2018). Finally, 

we identified the orthologous groups which are conserved across all strains (core genes) 

but not duplicated in any of the selected strains. We concatenated the coding DNA 

sequences of the core genes for each strain and aligned the core genome using Parsnp 

(Treangen et al., 2014). Recombination events were filtered out using Gubbins (Croucher 

et al., 2015), and the phylogenomics tree was visualized in R using GGTREE (Yu et al., 

2017).  

 

Peak calling for ChIP-exo dataset 

Each read in raw sequencing data was trimmed to 31bp by using FASTX-toolkit 

(Yee & Tapani, 2017). The sequencing reads were mapped on each reference genome 

using Bowtie (Langmead et al., 2009). The SAM output files generated by Bowtie were 
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changed to BAM format using SAMtools (Li et al., 2009). The peaks were predicted by 

the MACE program and were directly curated by Metascope visualization (Wang et al., 

2014). Each peak was adjusted to the 12-13bp size,which is already known in other 

paper. The calculation of S/N ratio resembles the way to calculate ChIP-chip peak 

intensity where IP signal was divided by Mock signal  

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

 

Motif search from ChIP-exo peaks 

The sequence motif analysis for Fur binding sites was performed using the MEME 

software suite (Bailey et al., 2009). For each strain, sequences in binding regions were 

extracted from the reference genome. To achieve a more accurate motif, the sequence 

of each binding site was extended by 10bp at each end. The width parameter was fixed 

at 20bp and the minsites parameter was fixed at 90% of the total number of the sequence. 

All other parameters followed the default setting. 

 

Calculation of differentially expressed gene 

The raw sequence reads of the RNAseq results were mapped onto each reference 

genome using Bowtie with the maximum insert size of 2000bp, and two maximum 

mismatches after trimming 3 bp at the 3' ends (Langmead et al., 2009). SAM output files 

generated by Bowtie were changed to BAM format using SAMtools. We analyzed the 

differential gene expression using the DESeq package (Anders et al., 2010). After the 

mapping, we count the number of reads that overlap each gene in the gff file, which 

contains the annotation information of each gene. Fragments per kilobase of exon per 
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million fragments (FPKM) value for each gene was calculated. By comparing the WT and 

Fur-K/O condition, we could get the degree of expression change level. The differentially 

expressed genes were defined as genes with expression value with log2 (fold change) ≥ 

1.0 and p-value ≤ 0.05 or log2(fold change) ≤ -1.0 and p-value ≤ 0.05. 

 

Pan-genome and pan-regulon curve 

Briefly, strains were randomly sampled, and drawn one at a time. The number of 

novel genes found at each draw is added to the pan curve, and the number of genes that 

are conserved across all draws is retained for the core curve. The gene sets considered 

for the pan genome are the totality of the genes found in each genome, and the gene sets 

considered for the pan regulon are the genes which were experimentally determined to 

be regulated by Fur (see section Pan-regulon assembly and functional characterization). 

Heaps’ law n = k N-(1 -γ) was fit to the pan genome and pan regulon curves to yield decay 

rates ( = 1 -γ) for the pan genome and pan regulon curves. When γ> 0, the pan genome 

is considered to be “open”, meaning that the number of new genes discovered as more 

strains are analyzed is not capped. 

 

Pan-regulon assembly and functional characterization 

Using the Metascope program, we visualized each peak and annotation 

information in each strain. Some candidate operons were found for each peak, and they 

were specified as Fur-regulon according to their promoter location, presence of 

differential expression, and distance from the peak. To confirm the co-transcriptional gene, 

we used the information from our RNAseq mapping result in WT strain, along with the 
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information from EcoCyc, BioCyc, and DOOR database (Karp et al., 2017; Keseler et al., 

2017). For the pan-level analysis, we used the input file that includes all amino acid 

sequences of the specified Fur-regulon. BPGA options were identical to the options used 

for Pan-genome analysis. As above, the functional RNAs and pseudogenes were 

excluded from this analysis. Genes were grouped into orthologous gene families based 

on sequence similarity identified through the protein based Basic Local Alignment Search 

Tool using a cutoff of 80% percentage identity and a maximum e-value of 10-6 (Altschul 

et al., 1990). Gene families were then functionally annotated and assigned to clusters of 

orthologous groups ontology using eggNOG (Huerta-Cepas et al., 2019). Genes were 

categorized into core, accessory and unique Fur regulon when they were regulated 

across all strains (core), a subset of strains (accessory), or one strain only (unique). They 

were further categorized as core, accessory and unique genomes when they were 

present in all strains (core), a subset of strains (accessory), or one strain only (unique). 

 

Virulence factor (VF) analysis 

Virulence factors were annotated by searching for amino acid sequence similarity 

against the curated set of genes extracted from the virulence factor database (VFDB) (Liu 

et al., 2019). Virulence factors were categorized based on the description of each curated 

gene into heme uptake, siderophore, transport, fimbriae, AAI/SCI-II and other.  By 

performing one-tailed Fisher’s exact test (Hypergeometric test) for virulence factor in Core, 

Accessory, and Unique category, the degree of enrichment was compared, and p-value 

≤ 0.05 was considered significant. 
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Clusters of Orthologous groups (COGs) enrichment 

Fur regulons were categorized according to their annotated COG database 

(Tatusov et al., 2003). Functional groups in core, accessory, and unique Fur-regulated 

genes were determined by COG categories. 

 

Genome-to-Genome Distance Calculation 

Distance between two genomes X and Y (d(X,Y)) was calculated based on 

improved DDH -prediction models (Meier-Kolthoff et al., 2013). The value d(X,Y) were 

calculated according to the following formulas: 

Formula (HSP length / total length): d(X,Y) = 1-Hxy +Hxy(X, Y) 

In this formula, the following definitions are required: XY represent genome X 

(subject) and genome Y (query) in BLAST run; HXY represents the total length of a set of 

HSPs between two genomes; λ (X,Y) denotes the sum of both genomes’ lengths; IXY 

represent the sum of identical base pairs over all HSPs.  
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Chapter 5: Insights and future directions 

Organism respond to their environments by changing gene expression. 

Transcription factors (TFs) coordinate these responses. Thus, knowing the transcription 

factors and their functions is fundamental to understanding organism responses and 

adaptation.  

However, even for Escherichia coli K-12 MG1655, the most thoroughly studied 

organism, many candidate transcription factors remain uncharacterized. Among the 

estimated total 280 transcription factors in E. coli, after decades of work only ~ 200 have 

been experimentally characterized. And in the Gram-positive strain Staphylococcus 

aureus, the genome-wide binding landscapes of known transcription factors have not 

been elucidated in high-resolution, resulting in the lack of a complete regulatory network. 

Thus, systematic assessment of these uncharacterized transcription factors are needed 

to accelerate progress with this fundamental challenge. In this study, we addressed these 

challenges.  

In chapter 1, we presented an integrated computational and experimental workflow, 

which is designed to systematically discover uncharacterized transcription factors and 

identify their target genes at the genome-scale. We apply this workflow to predict and 

validate uncharacterized TFs.  

In chapter 2, we developed multiplexed ChIP-exo method and expanded the 

validation of additional 40 candidate TFs in E. coli K-12 MG1655. We then identify 34 

candidate TFs as DNA-binding proteins. Furthermore, we characterized the regulatory 

roles of five TFs with a suit of experiments.  
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In chapter 3, we developed a reliable ChIP-grade monoclonal antibody and 

conducted in vivo genome-wide experiments (ChIP-exo) to identify 165 identical CodY 

target genes in two common S. aureus USA300 isolates (TCH1516 and LAC). To 

reconstruct the CodY regulon, we compared RNA-seq profiles of the wild-type strain and 

codY mutant. Our study used a comprehensive pipeline to characterize the CodY regulon 

between closely related USA300 substrains that included genetic parameters and 

network level computational models. 

In chapter 4, we integrated diverse datasets (ChIP-exo and RNA-seq) to 

reconstruct the Fur strain-specific regulon and pan-regulon across nine E. coli strains, in 

order to understand the conservation of Fur and its regulation in closely related strains.  

Taken together, this body of work demonstrates how an integrated workflow can 

be used to discover, characterize, and compare regulatory roles of transcription factors. 

Our results greatly expand the total number of transcription factors in E. coli K-12 MG1655 

to 278, an increase by ~12%. Since this number is close to the estimated total number of 

TFs, our study paves the way to a comprehensive identification of the transcription factors 

that comprise a transcriptional regulation network. More importantly, these results 

elucidate the regulatory roles of some TFs, which give insights into the reconstruction of 

a complete transcriptional regulation network in this model organism.  

 

 




