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Abstract 

Functional Genomics for Improving Gene Function Assessment in Bacteria 

by 

Wenjun Shao 

Doctor of Philosophy in Molecular and Cell Biology 

University of California, Berkeley 

Designated Emphasis in Computational and Genomic Biology 

Professor Adam Arkin, Chair 

 

Functional genomics uses system-wide approaches to generate genome-scale data and 
to describe gene functions. Recent genome-wide transcriptome studies have observed a great 
number of unexpected transcripts internal or antisense to known genes in bacteria and archaea, 
but the function of these unexpected transcripts is unclear. Here, we use the metal-reducing 
bacterium Shewanella oneidensis MR-1 and its relatives to study the evolutionary conservation 
of unexpected transcriptional start sites (TSSs). 

In the first part of this thesis, we present the methodology to generate a set of high-
confidence TSSs. Using high-resolution tiling microarrays and 5’-end RNA sequencing, combined 
with a semi-supervised machine learning approach, we identified 2,531 TSSs in S. oneidensis 
MR-1. We then classified them based on their relative positive compared with the current gene 
model. 18% of the identified TSSs were located inside coding sequences (CDSs). 

In the second part of this thesis, we present the conservation study of the high-
confidence TSSs identified in MR-1. Comparative transcriptome analysis with seven additional 
Shewanella species revealed that the majority (76%) of the TSSs within the upstream regions of 
annotated genes (gTSSs) were conserved. 30% of the TSSs that were inside genes and on the 
sense strand (iTSSs) were also conserved. Sequence analysis around these iTSSs showed 
conserved promoter motifs, suggesting that many iTSS are under purifying selection. 
Furthermore, conserved iTSSs are enriched for regulatory motifs, suggesting that they are 
regulated. Combining with the genome-wide mutagenesis data, we show that having internal 
promoters significantly eliminate polar effects which are expected if the internal promoters are 
not functional. 
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In contrast, the transcription of antisense TSSs located inside CDSs (aTSSs) were 
significantly less likely to be conserved (22%). However, aTSSs whose transcription was 
conserved often have conserved promoter motifs and drive the expression of nearby genes. 
Overall, our findings demonstrate that some internal TSSs are conserved and drive protein 
expression despite their unusual locations, but the majority are not conserved and may reflect 
noisy initiation of transcription rather than a biological function. 

In the last part of the thesis, I present the development of a high-throughput assay, 
bacterial two-hybrid sequencing (B2H-seq), to construct protein interactome in bacteria. This 
technique, if successful, will complement the existing large-scale mutant fitness profiling 
method in Arkin lab, and improve the gene function annotation. 
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Chapter 1 

An introduction to bacterial functional genomics 
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Twenty-first century witnesses a boom of fully sequenced genomes, both for the 
eukaryotes and prokaryotes (Figure 1.1). This is largely due to the rapid development of high-
throughput DNA sequencing technologies. The cost of sequencing drops dramatically after the 
year of 2000 when next-generation sequencing (NGS) technologies were introduced, which 
makes whole genome sequencing much cheaper and faster. 

Until now, thousands of prokaryote genomes have been fully sequenced. However, 
obtaining the entire genome sequence is just the first step towards understanding an organism. 
Following it, elucidating the function of the genes in the sequenced genomes is crucial and 
sometime not easy [1]. The field of functional genomics emerges to address this need. 
Functional genomics uses various genome-wide –omics level approaches, such as 
transcriptomics, proteomics and metabolomics, generate and utilize genome-wide data, to 
study the gene and protein expression and function, and to fill the gap between genome 
sequences and biological phenotypes and mechanisms at the system-level [2]. 

 

 

 

Figure 1.1: Exponential growth of sequenced genomes. The red line shows the increase of the 
number of sequenced eukaryote genomes, and the blue line represents the increase of the 
number of complete prokaryote genomes. The data was downloaded from NCBI Genome 
database on April 2015. 
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Figure 1.2: Complexity in prokaryotic transcriptome. A simplified scheme shows prokaryotic 
gene structure and transcription. Genes are often organized in operons, where a cluster of 
genes are under the control of a single promoter [3]. Recent transcriptomic studies revealed 
unexpected complexity of bacterial transcriptome [4-9], such as (a) alternative transcription 
start sites, (b) dynamic operon structure, (c) transcription at intergenic regions, (d) transcription 
inside protein coding genes, and (e) antisense transcription. 

 

 

Advanced microarray and more recent NGS technologies have greatly increased the 
capability of characterizing the whole transcriptome of an organism of interest in a great depth 
[10]. With this cost-effective technique, studies started to reveal the complexity of prokaryotic 
transcription [9] (Figure 1.2). In Chapter 2, I present our transcriptome study on Shewanella 
oneidensis MR-1, a metal-reducing bacterium. More specifically, I describe both the 
experimental and computational approaches that we use to identify a set of high-confidence 
transcriptional start sites (TSS) in MR-1. 

One crucial question is that whether the “pervasive transcription”, defined as the 
transcription activity in non-canonical locations and not consistent with the annotated protein-
coding genes, is artefacts or transcriptional noise, or actually generates functional products [11]. 
One way to address this question is to look at conservation, because functional elements tend 
to be maintained by natural selection [12]. In Chapter 3, I use comparative transcriptomics and 
the evolutionary conservation of TSS within a bacterial genus to assess the functional 
significance of unexpected transcription. 
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 To characterize gene functions, various high-throughput experimental genetic 
technologies have been developed to profile phenotypes, i.e. specific condition-gene 
interactions [13]. This includes genome-wide transposon mutagenesis followed by fitness 
profiling using Tn-seq [14] or  DNA tag-based approach [15], targeted chromosome engineering 
using trackable multiplex recombineering (TRMR) [16], genome-wide interference using 
antisense RNA (asRNA) [17] or potentially CRISPR-based techniques [18-20], and gain-of-
function (GOF) screening using overexpression [21, 22]. 

 Genome-wide mutagenesis and transcriptome methods are insufficient to infer gene 
function and cellular roles for most genes in the genome. In the most comprehensive screening 
so far in Zymomonas mobilis ZM4 [23], although most genes (89% of all assayed genes) have 
been found statistically significant phenotypes, still many of them cannot be assigned specific 
function annotation purely based on the fitness data. By incorporating evidence from other 
types of experiments, such as at the protein level – proteomics, or at the metabolite level – 
metabolomics will be very likely to extend our current understanding of gene functions. For 
instance, metabolic analysis of unknown genes or metabolic profiling of mutant strains may 
reveal the gene’s cellular role [24-26]. Proteome data can also facilitate gene function 
annotation in the various ways. Global protein identification has been used to correct genome 
annotation [27]. What is more, additional information about protein localization, their dynamic 
in expression, and protein-protein interactions may help us understand their cellular functions 
[28]. In Chapter 4, I present the development of a novel technique that combining the existing 
bacterial two-hybrid assays with NGS to reconstruct of protein-protein interaction networks in 
a high-throughput way. 
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Chapter 2 

Identifying high-confidence transcriptional start sites (TSSs) 
for a metal reducing bacterium 

 

This work is adapted from the published paper (Shao et al. 2014 [29]). 
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Introduction 

Prokaryotic transcription is not simple. With the development of microarrays and next-
generation sequencing technologies, the transcriptomes of many bacteria have been 
characterized [30-33] and transcription start sites (TSSs) have been determined at single 
nucleotide resolution [34-36]. These studies have unveiled surprisingly complex transcriptional 
architecture, including dynamic operon structures varying across growth conditions or cell 
states, a wealth of small RNAs, internal promoters, and antisense transcripts [9].  

We focused on the Gram-negative genus Shewanella, which is of special interest due to 
their versatile usage of terminal electron acceptors during respiration [37]. Like E. coli, 
Shewanella are facultative anaerobes, but they can also transfer electrons to both soluble and 
solid metals. As such, the Shewanellae have been used as a model genus to investigate the 
reduction of metals and for their potential to bioremediate toxic metals. The 4.97 MB genome 
of the best-studied species of the genus, Shewanella oneidensis MR-1, was sequenced in 2002 
[38]. Genome-wide transcriptome analyses have been described for S. oneidensis MR-1 in 
various growth conditions [39, 40]. However, global transcriptomic characterization at single 
nucleotide resolution has yet to be described in Shewanella. 

Here, we generated transcriptome data using high-resolution tiling microarrays and 5’-
end RNA sequencing, applied a semi-supervised machine learning approach, and constructed a 
single-nucleotide resolution map for transcription start sites in S. oneidensis MR-1. This is the 
first time that high-resolution transcriptome map of S. oneidensis MR-1 has been characterized. 
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Result and Discussion 

The transcriptome and TSS map of Shewanella oneidensis MR-1 

We used a strand-specific tiling microarray and 5’-end RNA-sequencing (5’RNA-seq) [27, 
30] to generate a high-resolution transcriptome structure map for S. oneidensis MR-1. In 5’RNA-
seq, a unique RNA adaptor is ligated to the 5’ ends of RNAs prior to reverse transcription, so 
that the 5’ ends of transcripts are identified at single-nucleotide precision [27, 30, 41]. We 
collected tiling microarray data from five diverse growth conditions, which were chosen to 
detect the transcription of most genes from a small set of experiments: Luria-Bertani broth (rich 
media), defined media with lactate as the carbon source (minimal), anaerobic growth with 
DMSO or Fe(III) as the electron acceptor, and heat shock. To identify TSSs at nucleotide 
resolution, we also collected 5’RNA-seq data for two experiments in each of rich and minimal 
media. Figure 2.1 A illustrates the tiling and 5’RNA-seq data for a 2 kB region of the main 
chromosome (see summary of all 5’RNA-seq libraries in Table 2.1).  

In 5’RNA-seq data, peaks can be the result of genuine TSSs or degradation products, as 
illustrated in Figure 2.1 A. As described below, we used both the tiling microarray data and 
promoter motifs to distinguish between these two possibilities. To identify these promoter 
motifs in an unbiased manner, we first identified an initial set of transcription start sites (TSSs) 
using only the rises in the tiling data and the peaks in the 5’RNA-seq data (see Materials and 
Methods). Using these features, we identified a preliminary set of 1,127 potential TSSs; these 
had a median of 562 reads in the 5’RNA-seq data from minimal media library 1. These TSSs 
featured three major promoter motifs (Figure 2.1 B-D) that were nearly identical to the known 
motifs for RpoD (σ70), RpoN (σ54) and FliA (σ28) in E. coli, which is a γ-Proteobacterium like S. 
oneidensis MR-1. The major σ70 motif represented over 70% of the potential TSSs. Seven other 
sigma factors have also been annotated in S. oneidensis MR-1, including three (σ24, σ32, σ38) that 
are characterized [42]. σ38 (σS) sites are similar to σ70 sites [43] and may be included within the 
promoters with σ70-binding motifs. Among twelve predicted σ32-dependent promoters in S. 
oneidensis MR-1 [40], we observed 5’RNA-seq reads at the expected locations for all of them, 
with a median of 558.5 reads in 5’RNA-seq minimal media library 1. We also examined the six 
putative binding sites for σ24 [42] and found that five are supported by the 5’RNA-seq data 
(median 464 reads in minimal media library 1). Both σ24 (σE) and σ32 are involved in the heat 
shock response [40, 42], which we did not generate 5’RNA-seq data for. However, it seems that 
both σ24 and σ32 have some activity during growth in minimal media. 
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Figure 2.1: Transcriptome data and promoter motifs in Shewanella oneidensis MR-1. (A) 
Transcriptome data for the positions between 5,500 and 7,500 nt on the main chromosome. 
The top five panels show the normalized log2 intensity from tiling microarrays for LB broth 
(Rich), aerobic growth in a defined minimal medium (Minimal), anaerobic growth in a defined 
media with either DMSO (DMSO) or ferric citrate (Fe(III)) as the electron acceptor, or post heat 
shock (HS). The bottom four panels show the number of reads whose beginnings map to each 
position from 5’RNA-seq for two experiments in LB broth (Rich1 and Rich2) and two 
experiments for aerobic growth in a defined minimal media (Minimal1 and Minimal2). High-
confidence TSSs are circled. The bottom panel shows the gene annotation. (B-D) Three 
promoter motifs were determined from 1,127 preliminary TSS using MEME [44], representing 
the binding motifs of sigma factors (B) RpoD (σ70), (C) RpoN (σ54) and (D) FliA (σ28). 
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Table 2.1: Summary of RNA-seq experiments described in this study. The reads for dRNA-seq 
experiments were combined from two runs of MiSeq. 

 

 

 

Reads Reads Reads
(total) (pass filter) (mapped)

minimal1 Shewanella oneidensis  MR-1 minimal Genome Analyzer II N 32,520,962 32,509,890 21,188,344

minimal2 Shewanella oneidensis  MR-1 minimal HiSeq 2000 Y 16,157,309 12,111,170 4,820,570

rich1 Shewanella oneidensis  MR-1 rich HiSeq 2000 N 223,326,408 157,893,621 76,291,102

rich2 Shewanella oneidensis  MR-1 rich HiSeq 2000 Y 15,773,657 10,467,778 4,584,493

min.MR4 Shewanella sp.  MR-4 minimal HiSeq 2000 Y 27,272,529 20,630,196 11,016,565

min.MR7 Shewanella sp.  MR-7 minimal HiSeq 2000 Y 29,538,082 22,606,488 11,470,191

min.ANA3 Shewanella sp.  ANA-3 minimal HiSeq 2000 Y 27,817,105 21,083,427 10,942,737

min.CN32 Shewanella putrefaciens  CN-32 minimal HiSeq 2000 Y 6,537,368 4,718,520 2,435,313

min.W3 Shewanella sp.  W3-18-1 minimal HiSeq 2000 Y 16,335,927 11,570,262 6,568,795

min.PV4 Shewanella loihica  PV-4 minimal HiSeq 2000 Y 21,383,856 16,734,338 12,063,917

min.SB2B Shewanella amazonensis  SB2B minimal HiSeq 2000 Y 18,233,285 13,699,339 6,918,729

rich.MR4 Shewanella sp.  MR-4 rich HiSeq 2000 Y 23,504,189 15,295,914 4,758,752

rich.MR7 Shewanella sp.  MR-7 rich HiSeq 2000 Y 11,457,398 7,439,451 3,961,690

rich.ANA3 Shewanella sp.  ANA-3 rich HiSeq 2000 Y 8,901,133 5,657,581 2,143,214

rich.CN32 Shewanella putrefaciens  CN-32 rich HiSeq 2000 Y 14,371,089 9,630,416 5,371,855

rich.W3 Shewanella sp.  W3-18-1 rich HiSeq 2000 Y 12,903,617 8,590,497 4,900,705

rich.PV4 Shewanella loihica  PV-4 rich HiSeq 2000 Y 18,513,342 12,436,261 8,988,394

rich.SB2B Shewanella amazonensis  SB2B rich HiSeq 2000 Y 10,935,961 7,095,196 4,430,991

min.TEX(+) Shewanella oneidensis  MR-1 minimal MiSeq Y 5,975,501 5,965,432 2,466,731

min.TEX(-) Shewanella oneidensis  MR-1 minimal MiSeq Y 10,230,131 10,210,749 3,194,631

rich.TEX(+) Shewanella oneidensis  MR-1 rich MiSeq Y 3,710,482 3,704,028 1,272,668

rich.TEX(-) Shewanella oneidensis  MR-1 rich MiSeq Y 11,654,785 11,632,108 1,240,370

Experiment Species Condition Platform Indexed
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To systematically identify S. oneidensis MR-1 transcription start sites (TSSs) with high 
confidence, we used a semi-supervised machine learning approach [27]. Using the tiling 
microarray data , the combined 5’RNA-seq data from all four experiments, and the σ70 
promoter motif identified above, we predicted 6,088 putative TSSs with a false discovery rate 
(FDR) of less than 1% (See Materials and Methods for details). Lowering the decision cutoffs will 
increase the number of putative TSSs, but will also increase the FDR (Figure 2.2). We found that 
82% of the identified TSSs have at least one additional, closely located TSS within 1-2 
nucleotides. Such “relaxed” TSSs from the same promoters have also been seen in other studies 
[36, 45], which may represent the imprecise transcriptional activity of RNA polymerase from 
the same promoter. To avoid redundant calling of the same promoter, we selected only the 
positions with highest log-odds score within a 50-nucleotide region. This additional filtering 
resulted in a conservative set of 2,531 high-confidence TSSs from the original list of 6,088 
predictions. 

We classified all 2,531 S. oneidensis MR-1 TSSs into four categories based on their 
locations relative to the computationally predicted gene annotations in S. oneidensis MR-1 
(Figure 2.3 A) [34]. We found that 1,831 (72%) of the high-confidence TSSs were located within 
200 nt upstream of an annotated start codon (“gTSS”). The remainder of the identified TSSs 
were further categorized into 307 iTSSs, 148 aTSSs, and 245 nTSSs, located inside (iTSS) or on 
the opposite strand (aTSS) of annotated genes, or in the intergenic regions (nTSS) (Figure 2.3 B). 

 

Reliability of the data and TSS identification 

To test the reliability of our data and the 2,531 high-confidence TSSs we identified in S. 
oneidensis MR-1, we examined a number of data quality metrics and directly compared our 
results to those obtained from differential RNA sequencing (dRNA-seq), which identifies 
primary 5’ ends by comparing a library made from untreated total RNA to a library made from 
RNA that is enriched for primary transcripts [31]. To test the reproducibility of our tiling data, 
we first calculated the overall correlation of the data for rich and minimal media and found that 
these data were highly correlated (R = 0.90) across all 2.1 million probes. As a second test of the 
tiling data, we examined the data consistency between probes of the same gene and found that 
the log2 intensities of adjacent probes in one experiment were also very correlated (e.g., 0.98 
for minimal medium). Similar to the tiling data, the counts from 5’RNA-seq were also highly 
reproducible between different data sets and different growth conditions (R = 0.73 for two rich 
media experiments). In addition, our tiling microarray and 5’RNA-seq data also showed a high 
positive correlation between the predicted expression levels for annotated genes (R = 0.59, 
correlation between the average normalized log2 intensity across each gene in the tiling data 
and the total number of reads from 5’RNA-seq within 200 nt upstream of that gene). Taken 
together, these results demonstrate that our 5’ RNA-seq and tiling microarray data are 
internally consistent and thus represent genuine transcriptional activities. 
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Figure 2.2: Cutoff for identifying high-confidence and conserved Shewanella oneidensis MR-1 
TSSs. (A) FDR, the number of called TSSs, and the number of genes with TSS assigned as a 
function of the log-odds threshold. We used a log-odds greater than 10 (FDR < 1% (red arrow)) 
to define the high-confidence S. oneidensis MR-1 TSSs. Pink dashed line represents the 
estimated FDR at 1%. (B) The ROC (receiver operating characteristic) curve for varying the 
number of species (k) and the number of mapped reads to call conserved TSSs. More than three 
species with at least 50 reads mapped were picked as the threshold giving FP < 5% (green 
arrow). 
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Figure 2.3:  Categorization of Shewanella oneidensis MR-1 TSSs. (A) Schematic illustration of 
TSS categorization [34]: “gTSS” – within 200 nt regions upstream of an annotated gene; “iTSS” – 
inside an annotated gene and on the same strand; “aTSS” – inside an annotated gene but on 
the antisense strand; “nTSS” – in intergenic region and over 200 nt upstream of any annotated 
gene. (B) The number of high-confidence TSSs (out of 2,531) in each category. (C) The 
proportion of the total number of 5’ RNA-seq reads whose starts aligned to each category 
regardless whether the position was a high-confidence TSS or not (data from minimal medium 
experiment II). 
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To systematically identify noise in the 5’RNA-seq data, we first counted the proportion 
of total reads that mapped to each of the four TSS classes (Figure 2.3 A), regardless of the 
above identification of high-confidence TSSs (Figure 2.3 C). The internal TSSs on the sense 
strand accounted for a higher proportion of the total 5’ RNA-seq reads (39%) compared to the 
high-confidence subset (12%). In other words, many low-confidence peaks were located within 
protein coding genes on the sense strand. These low-confidence peaks might come from RNA 
degradation products, weak transcription start sites, or experimental noise. The high 
proportion of internal TSSs in the raw mapping results favors the explanation of RNA 
degradation (Figure 2.3 C), even though we used terminator 5'-P-dependent exonuclease to 
degrade transcripts with monophosphate 5' ends in all 5’RNA-seq experiments. 

Despite the noise in the 5'RNA-seq data, by combining these data with tiling microarrays 
and focusing on the TSSs identified with stringent selection criteria (FDR < 1%), we believe that 
the vast majority of our high-confidence TSSs represent bona fide transcription initiation 
positions and not experimental artifacts. Four lines of evidence support the reliability of our S. 
oneidensis MR-1 TSS predictions. First, sequence analysis of the -50 to +10 region around the 
TSSs revealed enrichment for A/T at positions in the promoter sequence, particularly at the -35 
and -10 sites (Figure 2.4 A), a preference for a purine (A/G) at the +1 site, and a preference for a 
pyrimidine (C/T) at the -1 site (Figure 2.4 B). These key transcriptional features are consistent 
with findings in E. coli [46], and serve as a validation of our identified TSSs in S. oneidensis MR-1. 
Interestingly, we noticed that A/T was enriched approximately every 10-11 base pairs (Figure 
2.4), corresponding to the number of nucleotides per turn of DNA. This periodic AT-rich pattern 
has also observed in other bacterial species [31, 47], and is thought to enhance DNA curvature 
and facilitate initiation activation [48]. 

Second, our identified S. oneidensis MR-1 TSSs are often associated with a σ70 motif. To 
avoid circularity in our analysis (because the original, high-confidence TSS set included the σ70 
motif in the prediction classifier), we identified 2,196 “motif-naive” S. oneidensis MR-1 TSSs 
using only the tiling microarray and 5’ RNA-seq data. For the majority of the “motif-naive” 
predicted internal TSSs (52.8% of iTSSs and 53.1% of aTSSs), we observed a significant σ70-like 
promoter motif (bit score > 5). The percentage of “motif-naive” predicted gTSSs that meet the 
same σ70 bit score threshold is only moderately higher (67.5%) than for the iTSSs and aTSSs, 
which suggests that most of these internal TSSs represent genuine promoters. 

Third, the S. oneidensis MR-1 TSSs identified in previous studies by lower-throughput 
methods, such as 5’RACE or primer extension, are consistent with our results (Table 2.2). We 
identified TSSs at the exact same positions as previously reported for four different genes, 
including one (torR) with a TSS having log-odds slightly lower than our cut-off (8.12 instead of 
10). Since this work focuses on the TSSs at unexpected locations, we are more concerned with 
specificity of our TSS identification. Therefore, we preferred to use a stringent cutoff for most 
of our analyses (Figure 2.2). For six other genes with reported TSS, five of them were 
characterized in conditions that we do not have 5’RNA-seq data for, and are poorly expressed in 
rich and minimal media. The sixth gene (mxdA) was expressed in our 5’RNA-seq data and we 
detected a high-confidence TSS 34 nt upstream relative to the previously reported position 
(Table 2.2). 
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Figure 2.4:  Sequence characteristics of high-confidence Shewanella oneidensis MR-1 TSSs. (A) 
Base composition of the 400 nt sequence around high-confidence TSSs, with the TSS at position 
0. The shading shows -35 and -10 regions. (B) Sequence logo [49] for the -50..+10 region around 
the “motif-naive” TSSs. 
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Gene VIMSS 
ID 

Name TSS 
(this study) 

TSS 
(ref.) 

Methodology Ref Note 

SO_1778 200941 mtrC 
/omcB 

-119 -119 5' RACE [50]  

SO_2426 201570  -25 -25, 
-27 

5' RACE [51, 
52] 

Both -27 and -25 are high 
confidence and conserved; the 
log-odds for -27 is lower than -25 

SO_1342 200517 rpoE -58, -90, 
-173 

-58 5' RACE [42]  

SO_1427 200602 dmsAB-1 
/dmsE 

NA 44 5' RACE [42] No peak detected - dms operon is 
not highly expressed in 
rich/minimal media 

SO_1126 200306 dnaK -127 -37 5' RACE [42] Our dataset detected low-
confidence TSS at -37 site; dnaK is 
induced at heat shock, but we 
don't have 5'RNA-seq data on 
heat shock condition 

SO_3585 202682 azr NA -26 5' RACE [53] Our dataset detected low-
confidence TSS at -26 site with 
moderate number of 5'RNA-seq 
reads mapped; azr is known to 
involved in growth under heavy 
metal conditions, and did not 
express in any of our tiling 
microarray conditions. 

SO_1228 200406 torR -23, -159 -23 primer 
extension 

[54] Log-odds for -23 peak was 8.12, 
which is slightly lower than the 
cutoff used in this analysis (lo >= 
10) 

SO_4694 203763 torF NA -36 primer 
extension 

[54] Within our five growth conditions 
in microarray experiments, torF is 
only expressed in DMSO, which 
does not have 5'RNA-seq data. 

SO_1234 200412 torECAD  NA -33 primer 
extension 

[55] Same as above (only expressed in 
DMSO which does not have 
5'RNA-seq data) 

SO_4180 203263 mxdA -184 -150 primer 
extension 

[56] It's suggested that mxd operon is 
induced at starvation and mxdA is 
expressed in minimal medium in 
our experiments. 

 

Table 2.2: Consistency between our identified Shewanella oneidensis MR-1 TSSs and previous 
literature. 
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Lastly, we compared our high-confidence set of 2,531 S. oneidensis MR-1 TSSs with data 
generated by differential RNA sequencing (dRNA-seq), which discriminates primary and 
processed 5’ ends by analyzing cDNA libraries made with two different RNA samples: one is 
treated with terminator exonuclease (TEX[+]) and the other is not (TEX[-]) [31]. Degraded 
(processed) transcripts with a 5’-monophosphate are expected to be depleted in the TEX[+] 
sample, leaving the primary transcripts with 5’-triphosphate ends unaffected. Therefore, in 
dRNA-seq, authentic TSSs are expected to be enriched in the TEX[+] sample relative to the TEX[-] 
sample. The preparation of the 5’RNA-seq libraries described above was the same as for the 
dRNA-seq TEX[+] library except that 5’RNA-seq has an extra step to deplete ribosomal RNAs 
from total RNA prior to TEX treatment. We performed dRNA-seq on S. oneidensis MR-1 cultures 
grown in both rich and minimal media and calculated the log ratio as the difference between 
TEX[+] and TEX[-] libraries. Sites that are enriched in the TEX[+] library will have a positive log 
ratio and sites that are depleted in the TEX[+] library will have a negative log ratio. Only dRNA-
seq reads mapping to the exact same location as the high-confidence TSS were considered. We 
found that high-confidence TSSs of all classes (gTSSs, iTSSs, aTSSs, and nTSSs) tend to have 
significantly more mapped reads in the TEX[+] sample than the TEX[-] samples (P < 0.05, 
Kolmogorov-Smirnov test for high-confidence versus other TSSs; Figure 2.5). Overall, our dRNA-
seq results support the validity of our predictions for all classes of TSS. Nevertheless, we 
noticed that 15% of our identified TSSs showed enrichment of reads from the TEX[-] library 
(two-fold difference in normalized number of mapped reads in the TEX[-] relative to the TEX[+] 
library) contrary to the expectation for true TSSs. However, most (88%) of these TEX[-]-enriched 
TSSs were gTSSs, not unexpected TSSs. These TEX[-] TSSs had about as many 5’RNA-seq reads 
as did TSSs which were enriched for reads from the TEX[+] library (P > 0.05, Student’s t-test), 
and manual examination of the tiling microarray data suggests that these TEX[-]-enriched TSSs 
are genuine. Moreover, the σ70-binding sites for the TEX[-]-enriched TSSs are about as strong as 
for the TEX[+]-enriched TSSs (both groups have a median bit score of 5.4), which also implies 
that these TEX[-]-enriched TSSs are genuine primary transcription sites and not the ends of 
processed RNAs. One potential mechanism for the enrichment of genuine TSSs in the TEX[-] 
sample is the native exonuclease activity of SO_1331, an ortholog of E. coli RppH. RppH is a 
pyrophosphohydrolase that rapidly dephosphorylates the 5’end of nascent transcripts, and may 
contribute to the generation of false negatives in dRNA-seq datasets [57]. Thus, although we 
used the dRNA-seq data to validate our S. oneidensis MR-1 TSSs, we did not use these data to 
identify high-confidence TSSs. 
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Figure 2.5:  Comparison between 5’RNA-seq and dRNA-seq. Distribution of the log2 ratio of 
number mapped reads from exonulease treated (TEX[+]) versus untreated (TEX[-]) samples. 
Solid red lines represent TSSs called by the combination of 5’RNA-seq and tiling data with high 
confidence (log odds greater than 10). Dashed black lines represent the rest of 5’RNA-seq peaks. 
(A) TSS for annotated genes (gTSS), (B) intergenic TSS (nTSS), (C) sense internal TSS (iTSS), (D) 
antisense internal TSS (aTSS). 
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Summary 

 In this study, we generated transcriptome data for Shewanella oneidensis MR-1 by using 
high-resolution tiling microarray and 5’RNA-seq. We identified a set of 2,531 transcriptional 
start sites (TSSs) with high confidence (FDR < 1%) by using semi-supervised machine learning 
approach together with a naive Bayesian classifier to combine all the genome-wide data and 
promoter motif information. We then verified the reliability of the TSS identification by 
comparing with the typical sequence features for TSSs in E. coli, the association with promoter 
motifs, the consistency with the TSSs identified using 5’RACE or primer extension in previous 
studies, and comparing with data generated by another high-throughput technique dRNA-seq. 
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Materials and Methods 

Strains and media. The high-resolution tiling microarray data for Shewanella oneidensis MR-1 
(ATCC 700550) were collected under five conditions, including “Rich” (aerobic growth in Luria-
Bertani broth / LB), “HS” (after ten minutes of 42oC heat shock), “Minimal” (aerobic growth in 
defined media with lactate as the carbon source), “DMSO” (anaerobic growth in defined 
medium with lactate as the carbon source and 20mM dimethyl sulfoxide as the electron 
acceptor), and “Fe(III)” (anaerobic growth in defined medium with lactate as the carbon source 
and 10mM ferric [Fe(III)] iron citrate as the electron acceptor). Cells were grown at 30oC and 
harvested at the mid-exponential phase (OD600nm ~ 0.7 for growth in LB and OD600nm ~ 0.4 for 
growth in minimal media). For the heat-shock experiment (HS), S. oneidensis MR-1 was grown 
to mid-exponential phase at 30oC in LB, and then incubated at 42oC for 10 minutes before 
harvesting. Two conditions, aerobic growth in LB and minimal lactate medium, were used for 5’ 
RNA-seq. 

RNA collection. Bacterial pellets were typically harvested at mid-log phase, and stored at −80°C. 
After thawing, RNA was extracted using RNeasy miniprep columns (Qiagen) with on-column 
DNase treatment. RNA quality was confirmed with an Agilent Bioanalyzer. Ribosomal RNA was 
depleted with the MICROBExpress kit (Ambion). The resulting mRNA-enriched samples were 
analyzed using tiling arrays or 5’RNA-Seq. 

Tiling microarray experiments. The S. oneidensis MR-1 tiling microarrays experiments were 
performed as previously described [27]. Briefly, first-strand cDNA was synthesized with random 
hexamer primers and the SuperScript indirect cDNA labeling system (Invitrogen). We added 
Actinomycin D to the reverse transcription reaction to inhibit second-strand synthesis. First-
strand cDNA was labeled with Alexa 555 and hybridized onto a custom designed Nimblegen 
array with 2.1 million probes covering both strands. Genomic DNA extracted from stationary 
cells was also hybridized to the tiling array as a control for differences in probe hybridization 
efficiency. The Nimblegen microarray slides were scanned on an Axon Gene Pix 4200A scanner 
with 100% gain and analyzed with Nimblescan software, with no local alignment and a border 
value of −1. 

5’RNA-seq and dRNA-seq experiments. For 5’RNA-seq experiments, we treated the mRNA-
enriched samples with Terminator 5’-phosphate-dependent exonuclease (Epicentre) to remove 
processed RNAs, including degradation products.  The 5’-triphosphate ends of the remaining 
RNA sample were converted to 5’-monophosphate with RNA 5’ Polyphosphatase (Epicentre). 
We added a sequencing adaptor (5’-ACACUCUUUCCCUACACGACGCUCUUCCGAUCU-3’) to the 
5’end of the transcripts with T4 RNA ligase (Ambion). We used a random hexamer primer with a 
sequencing adaptor on the 5’end (5’-CAAGCAGAAGACGGCATACGAGCTCTTCCGATCTNNNNNN-
3’) to obtain first-strand cDNA. We subjected the library to PCR amplification with primers as 
described in [27]. During the workflow, RNA samples were purified with RNAClean XP beads, 
and cDNA and PCR products were purified with AMPure XP beads (Agencourt). The first library 
for S. oneidensis MR-1 in minimal media (minimal1) was sequenced on an Illumina Genome 
Analyzer II; all other libraries were sequenced on an Illumina HiSeq 2000.  Both platforms 
generated single-end 50 nt-long reads. For multiplexing 5’RNA-seq, we used 3’-end reverse 
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transcription primer 5’-AGACGTGTGCTCTTCCGATCNNNNNN and PCR reverse primer 5’-
CAAGCAGAAGACGGCATACGAGATXXXXXXGTGACTGGAGTTCAGACGTGTGCTCTTCCGATC to 
incorporate the barcodes. In total, four different sets of 5’RNA-seq data were generated for S. 
oneidensis MR-1 (2 rich and 2 minimal) and two each for the other seven Shewanella species (1 
rich and 1 minimal). The minimal1 sample for MR-1 was previously described [58]. 

We also compared our 5’RNA-seq results with those obtained from dRNA-seq [31], 
whose libraries were constructed with the following variations from the 5’ RNA-Seq protocol: (i) 
mRNA enrichment by ribosomal RNA depletion was not performed; (ii) two parallel samples 
were processed, one was treated with Terminator 5’-phosphate-dependent exonuclease and 
the other was not; (iii) Tobacco Acid Pyrophosphatase (TAP, Epicentre) was used to convert 5’-
triphosphate to 5’-monophosphate because it was used in the published dRNA-seq protocol [31] 
and is expected to have the same effect as RNA 5’ Polyphosphatase for prokaryotic RNAs. We 
multiplexed and sequenced two pairs of S. oneidensis MR-1 dRNA-seq libraries, in rich and 
minimal media, on Illumina MiSeq. In order to have more reads for analysis, we sequenced the 
same libraries twice, and combined the reads from these two runs. 

Data processing. For the 5’RNA-seq data, only the reads that passed the quality filtering 
(Illumina CASAVA 1.8) were considered. Adapter-only reads were filtered out and the 3’adaptor 
sequences were trimmed off. The trimmed reads were mapped to the corresponding genome 
sequences by BOWTIE (version 0.12.7) allowing at most two mismatches and only reporting the 
reads with uniquely matched genome positions. For S. oneidensis MR-1, we used the genome 
sequence and gene models in GenBank accession AE014299.2. Using this approach, 76.3 million 
reads were mapped for the single-library 5’RNAseq on rich medium and 21.2 million for 
minimal medium, and 2 - 20 million reads were mapped to each sample in the multiplexed 
5’RNA-seq data (Table 2.1). 

For the dRNA-seq data, we combined the reads from two MiSeq runs and mapped the 
reads in the same way as for 5’RNA-seq (Table 2.1). Then we calculated the log ratio of the 
number of reads from TEX[+] and TEX[-] libraries and adjusted the values so that their median 
was 0. 

Promoter sequence analysis. We first built a preliminary set of 1,127 putative TSSs in S. 
oneidensis MR-1 using the combination of tiling microarray and 5’RNA-seq data in minimal 
media (minimal1). First, we identified rises in the tiling microarray data based on “local 
correlation” to a step function [5]. We then identified peaks from the 5’RNA-seq data with at 
least 200 mapped reads and the highest number of reads within a 50 nt region. We called the 
first preliminary set of putative TSSs from 5’RNA-seq peaks if the TSS was within 60 nt of a rise 
in the tiling microarray data and was located within a 200 nt neighboring region of the first base 
of an annotated gene. We extracted the positions -50 to +1 relative to these TSSs and 
determined the major promoter motifs using MEME [44] to identify ungapped motifs of 30 to 
35 nucleotides. We searched for hits to these motifs with Patser [59] scanning the entire 
genome. We used the motif bit scores for σ70 to help determine the final list of TSSs with high 
confidence (see below). The TSSs of the other seven Shewanella species were determined as 
the positions with at least 250 total reads mapped across the two 5’RNA-seq experiments 
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(because there was no tiling microarray data for the non-S. oneidensis MR-1 species). The 
promoter motifs for these seven Shewanella species were predicted by MEME using the 
methodology applied for S. oneidensis MR-1. The detected motifs were visualized using 
sequence logo generator [49]. 

Determination of high-confidence TSSs in S. oneidensis MR-1. We counted the first base of 
mapped 5’RNA-seq reads for each position of the S. oneidensis MR-1 genome and considered 
the positions having reads mapped from any 5’RNA-seq library as potential TSSs. For MR-1, we 
determined the TSSs by a semi-supervised machine learning approach [27] using the following 
three groups of features: i) the number of reads from four sets of 5’RNAseq data, ii) the 
sharpness of a rise (i.e., local correlation) and the scale of the rise (the difference between the 
log2 intensity before and after the rise) in five tiling experiments [5], and iii) the bit score of the 
best hit to the MEME promoter motif of σ70. For each feature, the positive training set was 
chosen as “high-confidence” according to the other features. The negative training set was a 
group of 10,000 randomly chosen locations from the entire genome. The log-odds of the sub-
features within i) or ii) were combined using logistic regression. The integrated log odds were 
summed as in a naive Bayesian classifier under the assumption that the features were 
conditionally independent. The false-discovery rate (FDR) was estimated using a randomized 
data set generated by replacing the locations of all potential TSSs with random positions, re-
computing all features, and shuffling the integrated log-odds of grouped features i), ii), and iii). 
We defined a position as a TSS if its final log-odds was greater than or equal to ten (FDR = 
0.59%), which generated 6,088 TSSs. Given that many TSSs had weaker peaks nearby, we 
selected the sites with the highest log-odds within each 50 nt window, leaving 2,531 high-
confidence TSSs from the list of 6,088 TSSs. 

For the promoter motif analysis, we aimed to identify TSSs without relying on motifs; in 
this case, we requested the sum of the other log-odds scores to be at least eight, which gave us 
5,229 “motif-naive” TSSs (FDR < 10%), and 2,196 non-redundant TSSs that have the highest log-
odds. 

By examining the tiling microarray and 5’RNA-seq data in Artemis, we manually 
inspected the TSS list and assigned putative interpretations to some of the unexpected TSSs. 
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Chapter 3 

Determining the functionality of unexpected transcripts 
using comparative transcriptomics 

 

This work is adapted from the published paper (Shao et al. 2014 [29]). 
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Introduction 

The first step of gene expression is the initiation of transcription from promoters, which 
have been traditionally thought to be located upstream of genes. Recently, studies showed that 
in diverse bacteria, promoters are often located inside genes. It has not been clear if these 
unexpected promoters are important to the organism or if they result from transcriptional 
noise. A key challenge in microbiology is to elucidate the functions of the unexpected 
transcripts in bacteria. 

Previous studies found that antisense transcription was as common in bacteria as in 
eukaryotes and archaea. In a few well-studied cases, antisense RNAs (asRNAs) have been 
shown to serve important regulatory roles in mRNA stability, transcription or translation [60, 
61]. In Gram-positive bacteria, pervasive antisense transcription was suggested to drive mRNA 
processing by RNase III because of a correlation between the abundance of the short RNAs on 
the sense and antisense strands, but such correlation was not observed for Gram-negative 
bacteria [62]. Recently, Lybecker and colleagues suggested that RNase III is involved in double 
stranded RNAs (dsRNAs) processing in Escherichia coli, and experimentally identified over 300 
RNase III-dependent dsRNA-forming asRNAs [63], but their impact on gene expression is 
unknown. Assessing the functional significance of asRNAs in diverse bacterial lineages requires 
further investigation.  

TSSs have also been observed in the sense orientation inside known coding sequences.  
In archaea, these internal TSS reflect alternative promoters within operons and coding 
sequences, often with detectable transcription factor binding sites [7, 64]. These internal TSSs 
have also been found in bacterial species and were suggested to be the TSSs of the downstream 
genes, to yield short or truncated transcripts, or to be due to incorrect start codon annotations 
[31, 34]. However, the evolutionary conservation and functional significance of these internal 
TSS has not been confirmed. 

TSSs have also been observed within intergenic regions far from a predicted coding 
sequence. Many of these intergenic TSS without a clearly associated CDS encode small non-
coding RNAs (ncRNAs), as demonstrated in various bacteria species [30, 31, 34]. Given their 
widespread existence, deeper exploration of ncRNAs in more bacteria lineages will enrich our 
understanding of ncRNA regulation and function. 

Because natural selection maintains functional elements during evolution, comparative 
analysis provides a powerful approach to examine genome functionality. Recently, it has been 
reported that antisense transcripts are not conserved between E. coli and Salmonella enterica, 
which implies that many of these transcripts are nonfunctional [12]. In contrast, other 
comparative studies between different Listeria species [65] and among C. jejuni strains [66] 
found a larger proportion of their identified antisense transcripts to be conserved. Many 
ncRNAs are also conserved across multiple species [67], while some others show great 
divergence [65]. As a step further, Dugar and colleagues took advantage of the comparative 
information to facilitate TSS annotation, and found that single nucleotide polymorphisms in the 
promoter region may lead to strain-specific promoter usage [66]. 
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Here, we compared different categories of TSSs in S. oneidensis MR-1 and seven 
additional species of the Shewanella genus. We found that TSSs within genes were sometimes 
conserved among Shewanella species, although internal antisense TSSs (aTSSs) were 
significantly less likely to be conserved than internal TSSs on the sense strand (iTSSs). 
Furthermore, conserved TSSs within genes have conserved promoter sequences, which implies 
that they have functional roles. In addition to conserved promoter sequences, we found that 
internal sense TSSs (iTSSs) are regulated and eliminate polar effects in mutant fitness data, 
which confirms that these iTSSs are functional. Tiling microarray data suggests that conserved 
aTSSs often drive the expression of nearby genes on the other strand. Nevertheless, our results 
demonstrate that most antisense transcripts are non-adaptive by-products of the cellular 
transcription machinery, as previously reported in the fellow Gram-negative bacterium E. coli 
[12]. 
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Result and Discussion 

Comparative transcription start sites of eight Shewanella species 

To assess the conservation of the 2,531 S. oneidensis MR-1 TSSs, we collected 5’RNA-seq 
data from seven additional Shewanella species grown in rich and minimal media (Figure 3.1 A). 
The evolutionary distance between S. oneidensis MR-1 and the other species varies between 
0.01 and 0.14 amino acid substitution per site for highly conserved proteins (Figure 3.1 AB) [68]. 
For comparison, the distance between Escherichia coli and Salmonella enterica is 0.04 [68]. For 
each of the seven additional Shewanella species, we summed the number of reads from the 
rich and minimal experiments. To validate the 5’RNA-seq data, we selected strong TSSs with at 
least 250 mapped reads and identified a very similar σ70-binding motif for all eight Shewanella 
species (Figure 3.1 C). 

We built pairwise genome alignments between S. oneidensis MR-1 and the other seven 
Shewanella species with MAUVE (Materials and Methods), and mapped the identified TSSs for 
each species onto the corresponding positions of S. oneidensis MR-1 (Figure 3.1 D). We counted 
the proportion of our identified S. oneidensis MR-1 TSSs that were also observed in the other 
Shewanella species. We found a strong negative correlation between TSS conservation 
percentage and evolutionary distance (Figure 3.1 B; R = -0.95), demonstrating a near linear 
decay in TSS conservation as a function of evolutionary rate within the Shewanella genus. 

 

Conservation of different types of TSSs 

We defined the transcription of a given S. oneidensis MR-1 TSS to be “conserved” if at 
least fifty total 5’RNA-seq reads (summing the data from rich and minimal conditions) were 
observed in at least three additional Shewanella species. These cutoffs were chosen such that 
shuffled data would show a conservation rate under 5% (Figure 2.2 B). Based on these criteria, 
we found that 63% (1,594 of 2,531) of S. oneidensis MR-1 TSSs were conserved within the 
Shewanella genus. 

Next, we investigated whether the different classes of S. oneidensis MR-1 TSSs were 
more or less likely to be conserved within the Shewanella genus.  Functional TSSs, such as those 
driving the expression of protein coding genes, should be under negative (purifying) selection 
across related species. Indeed, we found that gTSSs showed the highest conservation level (76%) 
across the Shewanella genus (Figure 3.2). Moreover, iTSSs and nTSSs were often conserved (30% 
and 34%), whereas aTSSs were less likely to be conserved (22%) relative to all the other TSS 
classes (Figure 3.2). The proportion of aTSSs that were conserved was significantly lower than 
for iTSSs (P < 0.05, Fisher’s exact test). Even with relaxed criteria for selecting S. oneidensis MR-
1 TSSs, gTSSs are the most conserved and aTSSs the least (Table 3.1). For example, if we lower 
the cut-off log-odds for selecting S. oneidensis MR-1 TSSs from ten to six (FDR < 5%), the 
conserved proportions become 61%, 16%, 14% and 7% for gTSSs, nTSS, iTSS, and aTSS, 
respectively. 
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Figure 3.1:  Transcriptome comparison within the Shewanella genus. (A) Species tree from 
MicrobesOnline [68] derived from concatenated alignments of highly conserved proteins. (B) 
The bar plot illustrates the proportion of the TSSs that are conserved (dark grey) and the 
evolutionary distance (substitution/site among 80 conserved proteins) between S. oneidensis 
MR-1 and the other Shewanella species (light grey). (C) The major promoter motif of sigma 
factor RpoD (σ70) as determined by MEME for each Shewanella species. (D) 5’RNA-seq data 
from the other seven Shewanella species grown aerobically in rich media, mapped onto the S. 
oneidensis MR-1 genome. The data from defined minimal medium experiments was similar and 
is not shown here.   
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Figure 3.2:  TSSs conservation across eight Shewanella species. The percentage of high-
confidence TSSs from S. oneidensis MR-1 that are conserved in other species. The false positive 
rate (< 5%) was estimated using shuffled data and is represented as grey dashed line. Error bars 
represent 90% confidence intervals. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

27 
 



 

 

Table 3.1: Effect of different log-odds cutoffs on TSS identification. 
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To test whether the promoters of conserved TSSs were under purifying selection, we 
examined the sequence conservation at each nucleotide in the promoter regions. The -35 and -
10 elements of a typical promoter serve as recognition sites for RNA polymerase and are thus 
highly conserved compared with other regions [69], as can be seen for gTSS and nTSS (Figure 
3.3 AB). To avoid circularity in this analysis, we used the set of 2,196 “motif-naive” S. oneidensis 
MR-1 TSSs described previously. Given that the conservation of amino acid sequences would 
bias the conservation of the promoter sequences of iTSS and aTSS, we examined only the four-
fold degenerate wobble positions of codons for these two classes of TSSs. To quantify the 
difference between the conserved sites and divergent sites, we selected the positions that 
showed high conservation in the major promoter motif σ70 (Figure 2.1 B) as group “C” (marked 
in red; Figure 3.3) and the variable positions as group “V” (marked in blue; Figure 3.3). We 
compared the sequence conservation level between these two groups of sites and found that 
both gTSSs and nTSSs showed significant differences (P < 10-15, Student’s t-test; Figure 3.3 AB). 
Using the four-fold degenerate wobble positions to assess sequence conservation within 
protein-coding genes, we found that the promoter sequences for iTSSs were significantly 
conserved (P < 10-8, Student’s t-test; Figure 3.3 C). The promoters of conserved aTSSs were also 
conserved, although to a lesser extent than the other three TSS classes (P < 0.01, Student’s t-
test; Figure 3.3 D). Furthermore, we did not observe significant differences in the difference of 
conservation levels between variable and conserved positions among TSS classes (gTSS: 0.18; 
iTSS: 0.19; aTSS: 0.14; nTSS: 0.15; P > 0.05 between any two classes by Student’s t-test). These 
results demonstrate that the promoters of conserved TSSs tend to be under purifying selection 
regardless of their position relative to genes, although there is a significant difference of the 
transcription conservation among the four classes of TSSs (Figure 3.2). 

An alternative explanation for the conserved TSSs within genes is that the promoter 
sequences are constrained due to other factors such as constrained codon usage. In this view, 
the spurious promoters will not be removed by mutation and will appear conserved. We see 
indirect evidence supporting this hypothesis: Shewanella core genes (those present in at least 6 
of 7 non-MR-1 Shewanella species used in this study) with conserved iTSSs are more highly 
expressed (median 3.7 vs 2.6, as average normalized log2 intensity from tiling microarray for LB; 
P < 10-8, Wilcoxon rank sum test), and have a lower synonymous substitution rate (dS) (median 
2.2 vs 2.7; P < 0.001). However, if this hypothesis were true, then we would expect the internal 
TSSs on the sense (iTSSs) or antisense strand (aTSSs) to be affected equally. In contrast, we 
found that the conservation level of aTSSs was significantly lower than that of iTSSs (Figure 3.2). 
Moreover, this hypothesis cannot explain the fact that the -35 and -10 sites are significantly 
more conserved than the nearby regions for the iTSSs. Therefore, we favor the interpretation 
that the majority of the conserved iTSSs represent functional promoters rather than 
evolutionary by-products. 
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Figure 3.3:  Promoter sequence conservation of conserved TSSs. The sequence conservation 
level is the fraction of the other seven Shewanella species that keep the same base as S. 
oneidensis MR-1, for each position of the -50..+10 region of TSSs. The red squares highlight the 
conservation levels of the conserved sites (C) and the blue triangles are for the variable sites (V) 
as determined from the major promoter motif identified by MEME: (A) TSS for annotated genes 
(gTSS), (B) intergenic TSS (nTSS), (C) sense internal TSS (iTSS), (D) antisense internal TSS (aTSS). 
For C and D, only four-fold degenerate codon positions were used. Error bars represent 90% 
confidence intervals. 
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Functionality of unexpected TSSs     

Conserved TSSs within genes on the sense strand (iTSS) are functional 

The conservation of S. oneidensis MR-1 iTSSs in other Shewanella species (Figure 3.2) 
suggests that these iTSSs may be maintained for functional reasons. To examine this possibility, 
we first asked whether the iTSSs are under regulation in S. oneidensis MR-1 under the 
expectation that conserved transcripts that have evolved regulation are likely functional. To 
address this question, we estimated the expression due to iTSSs by comparing the average 
expression of the gene(s) upstream and downstream of the iTSSs from microarray expression 
data [15]. To avoid cases where a probe partially overlaps with cDNA and may not be well 
hybridized, we used the probes located inside the gene and at least 20 nt away from an iTSS. 
We found that the expression due to conserved iTSSs was more variable than that for the non-
conserved iTSSs (P < 0.01, Kolmogorov-Smirnov test; P < 0.001, Wilcoxon rank sum test; Figure 
3.4 A), suggesting that some of these conserved iTSSs were regulated under different growth 
conditions. Additionally, we looked at the enrichment of transcription factor binding motifs 
from RegPrecise [70] for each class of conserved TSSs. All classes except for aTSSs showed 
enrichment for regulatory sites (Figure 3.4 B). The large error bars for iTSSs and nTSSs are due 
to a large proportion of these TSSs that do not have a regulatory motif predicted (Figure 3.4 B). 
Taken together, these data suggest that a significant fraction of conserved iTSSs in S. oneidensis 
MR-1 are regulated and functional.  

Next, we examined whether these conserved iTSSs eliminate polar effects in transposon 
mutant fitness data. A polar effect is expected when the transcription of the upstream gene is 
interrupted (i.e., by a transposon) and the expression of the downstream gene is affected. 
However, an alternative TSS that exists between the interruption site and the start of the 
downstream gene may eliminate polar effects under certain conditions. To ensure that enough 
gene pairs were associated with conserved iTSSs for this analysis, we used lower cutoffs to 
identify S. oneidensis MR-1 TSS (log-odds >= 6, FDR < 5%; Table 3.1). With these relaxed 
selection criteria, we identified 6,219 S. oneidensis MR-1 TSSs, of which 2,174 were conserved 
in at least three other Shewanella species. Taking advantage of genome-wide, mutant fitness 
data for S. oneidensis MR-1 across more than one hundred conditions [15], we found that the 
presence of a conserved iTSS within an upstream gene significantly decreased the occurrence of 
polar effects (P < 0.05, Fisher’s exact test; Figure 3.4 C). The same alleviation of polar effects 
was observed for operon pairs with an additional gTSS for the downstream genes (P < 0.001, 
Fisher’s exact test). These two classes differ at whether the TSSs locate within the upstream 
gene (classified as iTSS) or in the intergenic regions between the two adjacent genes (classified 
as gTSS). Indeed, both groups showed significant enrichment of non-polarity relative to the 
remaining gene pairs (P < 0.05, Wilcoxon test; Figure 3.4 C), demonstrating that a fraction of 
the conserved iTSSs, as well as the gTSSs that are inside the operons, drive physiologically 
relevant expression of downstream genes. 
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Figure 3.4:  Evidence that conserved sense internal TSSs (iTSSs) are functional. (A) The 
distribution of the standard deviation of expression due to iTSS across 74 conditions, as 
estimated from the difference between gene expression downstream and upstream of that iTSS. 
(B) The average number of predicted regulatory sites within the -50..+10 regions of each group. 
We extracted the position weight matrixes of nine regulatory factors (ArgR, Crp, Fnr, FUR, HexR, 
LexA, NarP, PsrA, TyrR) from RegPrecise [70] and scanned for hits with eight or more bits. The 
significance of the difference from randomly shuffled sequences was estimated by paired 
Student’s t-test. (C) The percentage of operon gene pairs that lack polar effects (upstream gene 
fitness > -0.5 and downstream gene fitness < -1.5) in at least one mutant fitness experiment 
[15]. The difference between pairs with internal gTSS, pairs with iTSS, or other pairs was tested 
by Fisher’s exact test. (Error bars: 90% confidence interval; significance code *: P < 0.05; ***: P 
< 0.001). 
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To gain further insight into the putative function of the 93 high-confidence, conserved S. 
oneidensis MR-1 iTSSs, we manually examined these transcriptional start sites in the context of 
the existing gene models and tiling microarray data. We observed that many of the conserved 
iTSSs tend to locate near the start or end of annotated genes: 41 (44%) located inside the last 
one third of genes and another 17 (18%) located inside the first one tenth of the genes. In 
contrast, the non-conserved iTSS were more uniformly distributed within the annotated genes 
(30% and 15% respectively; P < 0.05 for both sides, Pearson’s chi-squared proportion test, 
Figure 3.5 A). By examining the tiling microarray data, we found that these conserved iTSSs can 
be explained as real primary TSSs in three ways. First, we found that 25 of the conserved iTSSs, 
including 17 located within the last one third of the annotated genes, are likely promoters for 
downstream genes (Figure 3.6 A). Second, three iTSSs (all located within the first tenth of the 
annotated genes) are likely due to incorrect annotations of the start codons (SO_2365, 
SO_3635, SO_3936). Another three conserved iTSSs are putative TSSs for recently annotated 
sRNAs (rnpB, SO_m028, SO_m006; GenBank AE014299.2), whose annotated starts are just 
upstream of the TSS (1 nt, 4 nt, 14 nt respectively). Altogether, these six iTSSs are probably the 
primary promoters for these genes. Beyond these explainable cases, eight iTSSs (including six 
that are close to the 3’ end) appear to produce short transcripts with unknown function (Figure 
3.6 B). All eight of these iTSSs are upstream of potential in-frame start codons, but the resulting 
polypeptides would not contain an entire annotated domain, so we doubt that these iTSSs 
produce functional proteins. For the majority of the remaining conserved iTSSs (52 of 54), the 
gene that they are located in has a stronger primary gTSS upstream of the start codon. 
Examination of the tiling data revealed that 11 of these iTSSs appear to produce long transcripts 
and could be secondary or alternative promoters that drive the production of short forms of 
proteins, as observed for CheA in E. coli [71]. Alternatively, many of these iTSSs could reflect 
conserved transcriptional noise, as constraints imposed by their function as protein-coding 
sequences could preserve promoter-like sites. 
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Figure 3.5: Distribution of the high-confidence internal TSSs. Plotting the their relative 
positions within the coding regions in which they are located. (A) sense internal TSS (iTSS), (B) 
antisense internal TSS (aTSS). Solid lines: conserved high-confidence TSSs; dashed lines: high-
confidence TSSs that are not conserved. 
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Figure 3.6: Transcriptome structures for three types of conserved TSSs within genes. (A) An 
iTSS initiates the transcription of the downstream gene. (B) An iTSS generates truncated 
transcripts. (C) An aTSS drives expression of a divergently transcribed gene. The position for 
identified iTSS or aTSS in each plot was marked by vertical dashed lines and red arrows. 

 

 

 

 

 

 

 

 

35 
 



 

Figure 3.7: The distribution of 5’UTR lengths. Histogram of the distance between identified TSS 
and the first base of the annotated genes. 

 

 

Function of conserved aTSSs 

Although aTSSs are less conserved as a group relative to the other three classes of TSSs 
(Figure 3.2), 22% of aTSSs were conserved and the promoter sequences of these conserved 
aTSSs were under purifying selection (Figure 3.3 D). Through examination of the tiling 
microarray data, we found that 91% (30 of 33) of conserved aTSSs drove expression of 
divergently transcribed genes (Figure 3.6 C), which was significantly more often than for non-
conserved aTSSs (18%; P < 10-13, Fisher’s exact test). Given the typical lengths of 5’UTRs 
(median of 52 nt, Figure 3.7), those aTSSs that drive the expression of the adjacent genes 
should be close to the 5’-end of genes that they lie within. Indeed, we observed an enrichment 
of the conserved aTSSs at the 5’-end of the genes: 21 (64%) located inside the first one third of 
genes (compared to 16% for the non-conserved aTSSs, Figure 3.5 B; P < 0.001, Pearson’s chi-
squared proportion test). This suggests that although identified aTSSs are less likely to be 
conserved relative to the other TSS classes (Figure 3.2), those aTSSs that are conserved within 
the Shewanella genus are likely functional. In a few cases in bacteria, overlapping UTRs have 
been shown to act as antisense RNA and generate transcription interference on the overlapping 
genes [61]. However, we did not detect significant negative correlation in expression level 
among these divergently transcribed gene pairs with an aTSS driving one of them. 
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Figure 3.8: Relative expression level of each TSS category. The number of 5’ RNAseq reads 
whose 5’end mapped to each location in minimal medium (minimal 2). (A) The distribution of 
mapped reads of the high-confidence TSSs in each category; (B) A box plot of the number of 
mapped reads in the raw dataset, the high-confidence TSSs and the conserved subset. 
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Lack of function of non-conserved aTSSs 

The transcription and promoter sequences of our detected aTSSs were significantly less 
conserved compared the other three TSS classes (Figure 3.2, Figure 3.3), indicating that most S. 
oneidensis MR-1 aTSSs were evolving neutrally. Our finding that aTSS are less conserved is 
consistent with recent findings comparing antisense transcription between Escherichia coli and 
Salmonella enterica [12]. Taken together, we propose that most antisense transcription in 
Gram-negative bacteria is nonfunctional and is produced by spurious promoter-like sequences. 
Because antisense transcription may be costly to the cell [72], it is usually assumed to perform a 
functional, physiological role in the cell. However, we found that the expression level of even 
the high confidence aTSSs was significantly lower than that of gTSSs (median total reads of 
1,171 vs. 2,488, P < 10-10, Wilcoxon rank sum test; Figure 3.8). This weak expression may result 
in weak evolutionary pressure against any one of these spurious promoters. Rho-dependent 
suppression of antisense transcription, as observed in E. coli [73], might contribute to the low 
expression level of aTSSs in Shewanella. 

 

Function of conserved nTSSs 

Three lines of evidence suggest that many of the nTSSs have functional roles: (1) 34% of 
the nTSS have conserved transcription within the Shewanella genus (Figure 3.2); (2) their 
promoter sequences were conserved (Figure 3.3 B); and (3) their surrounding sequences were 
enriched for transcription factor binding motifs (Figure 3.4 B). By analyzing the tiling microarray 
data, we found that 55% (46 of 83) of the conserved nTSSs were the starts of transcription for 
downstream genes with a long 5’UTR, which were not classified into as gTSSs due to the long 
distance (greater than 200 nt) from the TSS to the start codon. Of the remaining conserved 
nTSSs, 31 mapped to short, unannotated expressed regions, including leader-like structures in 
5’UTRs and small RNAs in intergenic regions. Through manual inspection of the data, we 
identified 25 novel putative ncRNAs in S. oneidensis MR-1 with conserved nTSSs, and another 
27 with high-confidence but not conserved nTSSs (Table 3.2). These ncRNAs do not include an 
additional 33 ncRNAs (20/33 have high-confidence TSSs), which were recently updated in the 
GenBank annotation (AE014299.2). The 25 putative ncRNAs with conserved nTSS all have 
conserved nucleotide sequence across the Shewanella genus and all have conserved secondary 
structure predicted by CMfinder [74] (Table 3.2), which implies that these 25 putative ncRNAs 
are probably functional. 

 

 

 

 

 

38 
 



strand begin end conservation p-value nTSS conserved 
nTSS 

Terminator CM class 
(manual) 

- 459187 459252 0.47 2.64E-46 459254 TRUE TRUE TRUE intergenic 
- 591740 592101 0.09 4.15E-05 592102 TRUE TRUE TRUE leader-like 
- 1190932 1191092 0.41 3.04E-53 1191106 TRUE TRUE TRUE leader-like 
- 1640134 1640314 0.26 1.39E-20 1640328 TRUE FALSE TRUE intergenic 
- 2088126 2088289 0.25 1.09E-21 2088289 TRUE TRUE TRUE leader-like 
- 2163580 2163887 0.20 4.78E-18 2163887 TRUE TRUE TRUE leader-like 
- 2739125 2739207 0.26 9.12E-14 2739207 TRUE TRUE TRUE leader-like 
- 2766784 2766955 0.32 3.73E-35 2766953 TRUE FALSE TRUE leader-like 
- 2910208 2910317 0.32 9.10E-24 2910317 TRUE FALSE TRUE leader-like 
- 3505728 3505878 0.35 6.94E-45 3505877 TRUE TRUE TRUE intergenic 
- 3663753 3663888 0.37 3.98E-42 3663892 TRUE TRUE TRUE intergenic 
- 3879715 3879915 0.34 1.56E-44 3879921 TRUE FALSE TRUE intergenic 
- 3984874 3984983 0.30 1.57E-21 3984984 TRUE FALSE TRUE leader-like 
- 4785979 4786169 0.26 1.08E-26 4786169 TRUE FALSE TRUE leader-like 
- 4864927 4864987 0.45 1.65E-43 4864993 TRUE TRUE TRUE intergenic 
- 4868688 4868896 0.32 4.68E-48 4868894 TRUE FALSE TRUE leader-like 
- 4895966 4896291 0.15 1.70E-10 4896290 TRUE FALSE TRUE leader-like 
+ 230972 231160 0.41 7.17E-83 230972 TRUE TRUE TRUE in-operon 
+ 1145960 1146058 0.36 2.41E-23 1145960 TRUE FALSE TRUE leader-like 
+ 2040683 2040833 0.21 4.18E-13 2040684 TRUE TRUE TRUE leader-like 
+ 2142876 2142991 0.32 4.73E-21 2142865 TRUE TRUE TRUE intergenic 
+ 2366215 2366321 0.33 6.34E-25 2366214 TRUE TRUE TRUE intergenic 
+ 3428428 3428638 0.34 1.27E-55 3428418 TRUE FALSE TRUE intergenic 
+ 4603258 4603533 0.12 2.01E-06 4603258 TRUE FALSE TRUE leader-like 
+ 4643217 4643460 0.30 6.68E-44 4643217 TRUE TRUE TRUE leader-like 
- 591723 592030 0.06 0.009912 592029 FALSE TRUE TRUE leader-like 
- 664237 664454 NA NA 664454 FALSE TRUE FALSE leader-like 
- 688000 688206 NA NA 688206 FALSE FALSE FALSE antisense 
- 826916 826981 0.28 1.39E-13 826994 FALSE FALSE TRUE antisense 
- 1179753 1180006 0.35 3.97E-14 1180006 FALSE FALSE TRUE intergenic 
- 1234220 1234320 0.23 2.05E-09 1234320 FALSE TRUE TRUE intergenic 
- 1928151 1928251 NA NA 1928250 FALSE TRUE FALSE intergenic 
- 2344421 2344491 0.42 constant 2344508 FALSE FALSE FALSE intergenic 
- 3041422 3041711 0.01 0.781125 3041711 FALSE TRUE TRUE leader-like 
- 3289651 3289787 0.35 7.33E-31 3289787 FALSE TRUE FALSE intergenic 
- 3300566 3300684 NA NA 3300685 FALSE TRUE FALSE intergenic 
- 3334245 3334462 0.04 0.092448 3334462 FALSE FALSE TRUE leader-like 
- 3939499 3939725 NA NA 3939725 FALSE FALSE FALSE leader-like 
- 4198694 4198974 0.14 0.001313 4198974 FALSE FALSE FALSE intergenic 
- 4602799 4602998 0.21 8.03E-19 4602998 FALSE FALSE TRUE leader-like 
- 4605245 4605692 NA NA 4605692 FALSE TRUE TRUE intergenic 
- 4605245 4605363 NA NA 4605363 FALSE FALSE FALSE intergenic 
- 4777868 4777948 NA NA 4777961 FALSE FALSE FALSE intergenic 
+ 157787 158245 0.27 1.76E-48 157788 FALSE FALSE FALSE intergenic 
+ 1987441 1987759 0.28 6.92E-13 1987438 FALSE FALSE FALSE intergenic 
+ 2061761 2062130 NA NA 2061763 FALSE FALSE FALSE intergenic 
+ 2349958 2350029 NA NA 2349957 FALSE FALSE FALSE leader-like 
+ 3115433 3115678 0.49 2.05E-99 3115422 FALSE TRUE FALSE intergenic 
+ 3434654 3435103 0.26 1.42E-58 3434654 FALSE FALSE TRUE intergenic 
+ 4134648 4134926 NA NA 4134647 FALSE FALSE TRUE intergenic 
+ 4200078 4200329 0.14 6.92E-06 4200078 FALSE FALSE FALSE intergenic 
+ 4777896 4778171 NA NA 4777883 FALSE FALSE FALSE intergenic 

 

Table 3.2: List of identified novel non-coding RNAs (ncRNAs) on the main chromosome. 
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Summary 

In this study, we addressed the conservation and putative function of unexpected 
transcription within a bacterial genus. We classified the 2,531 high-confidence TSSs into four 
categories based on their genomic positions: gTSSs if associated with annotated genes, iTSSs if 
inside genes and on the sense strand, aTSSs if inside genes but on the antisense strand, or 
nTSSs if intergenic and not associated with any annotated genes. Comparison of TSSs among 
the eight Shewanella species demonstrated that the transcription of gTSSs and nTSSs is highly 
conserved. We found that 87 (30%) of the iTSSs are also conserved, and their promoter 
sequences tend to be under purifying selection. The tiling microarray data suggest that most of 
these conserved internal TSSs drive the expression of nearby genes. The functional importance 
of conserved iTSSs was further supported by the analysis of their expression variation, the 
enrichment of regulatory motifs, and the alleviation of polar effects in transposon mutants. In 
contrast to the other TSS classes, aTSSs were less likely to be conserved (22%), and we conclude 
that most aTSSs are likely the result of transcriptional noise. Overall, our findings provide 
insights into the prevalence and role of unexpected bacterial gene expression. 
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Materials and Methods 

Strains and media. Two conditions, aerobic growth in LB and minimal lactate medium, were 
used for 5’ RNA-seq in eight diverse Shewanella species: S. oneidensis MR-1, S. sp. MR-4, S. sp. 
MR-7, S. sp. ANA3, S. putrefaciens CN-32, S. sp. W3-18-1, S. amazonensis SB2B, and S. sp. PV-4. 
All non-S. oneidensis MR-1 strains were supplied by James Tiedje, Michigan State University. 

Conservation analysis. Two kinds of conservation were examined. First, we checked the 
conservation of transcription. We used two types of alignments – genome-wide mapping by 
MAUVE (version 2.3.1) [75] and local mapping for the coding sequences by MUSCLE (version 3.6) 
[76]. Specifically, we aligned the S. oneidensis MR-1 main chromosome with the other seven 
Shewanella genome sequences using MAUVE. Using the tree orthologs from these seven 
species against S. oneidensis MR-1 from MicrobesOnline [68], we generated pairwise 
alignments for their protein sequences using MUSCLE. We only kept one-to-one orthologs with 
sequence identity no less than 40%. These alignments were back-translated into nucleotide 
sequences which are used for correcting the MAUVE-generated alignments in the protein 
coding regions. Given an alignment, the TSSs in S. oneidensis MR-1 were compared against each 
other Shewanella species to determine if there were significant numbers of reads mapped at 
the aligned locations. We defined a S. oneidensis MR-1 TSS as “conserved” if its corresponding 
positions in at least three other Shewanella species had at least fifty reads from the combined 
rich and minimal 5’RNA-seq datasets. Using shuffled data, we estimate the false positive rate 
for conserved promoter identification to be under 5%. 

Second, we computed the promoter sequence conservation of the conserved S. 
oneidensis MR-1 TSSs. To avoid potential bias, the high-confidence S. oneidensis MR-1 TSS set 
for the conservation analysis was generated without the bit scores (“motif-naïve” predictions, 
see above). To quantify the conservation of each S. oneidensis MR-1 promoter's sequence, we 
examined the aligned sequences (-50 to +10 sequences around the conserved TSSs) only in 
other Shewanella species that had a 5' RNA-seq peak at the corresponding location. Therefore, 
the conservation scores for different S. oneidensis MR-1 TSSs were derived from different sets 
of Shewanella species. The conservation level at each nucleotide was calculated as the fraction 
of these species that had the same nucleotide as in S. oneidensis MR-1. The conservation values 
were separated by their relative position at each codon. For the internal TSSs, the TSSs whose 
upstream regions contain coding sequence shorter than 40 nt were excluded, because their 
promoter regions were flanked by coding the non-coding sequences. Additionally, only the 
wobble positions from four-fold degenerate codons were considered. We applied Student’s t-
test to calculate the significance of the difference in the conservation levels between the 
conserved promoter sites (-35,-34,-12,-11,-7) and divergent promoter sites (-31,-27..-21,-16,-
13,-5..-1), which we selected using the promoter motif of σ70 in S. oneidensis MR-1. 

Identification and conservation of putative non-coding RNAs. We identified previously 
unannotated, non-coding RNAs from the transcript ends given by sharp rises or drops in the 
tiling microarray data. We manually examined each candidate and generated a list of 52 
putative non-coding RNAs (Table 3.2). We mapped the identified high-confidence S. oneidensis 
TSSs to the starts of these putative non-coding RNA candidates. Lastly, we determined if the 

41 
 



candidates had conserved secondary structures using CMfinder 2.0 [74], using the homologous 
sequences from the other seven Shewanella species from the MAUVE alignment and from 
other genera identified by BLASTN (E < 1e-5). 
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Chapter 4 

Development of bacterial two-hybrid sequencing (B2H-Seq) 
to facilitate gene function annotation in a high-throughput manner 
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Introduction 

Protein-protein interactions (PPIs) are physical contacts between two or more proteins 
inside cells. PPIs are required for almost all biological processes. Bacterial ribosome and flagella 
motor are both good examples of essential functional complexes maintained by interacting 
protein components. 

With the rapid development of the high-throughput sequencing technologies, the 
number of microbial genomes that have been sequenced increases dramatically. Understanding 
the function of the predicted genes from the fully sequenced genomes becomes a crucial 
problem. Even for the deeply studied E. coli, the model bacterium, about thirty percent of the 
genes cannot be assigned any functional annotations based on Gene Ontology [77]. Considering 
the fact that the interacting proteins are likely functional related, identifying protein 
interactions could help us understand a protein’s function. More specifically, the knowledge of 
the association of a protein with unknown function with a known gene product will provide us 
precious evidence of the function of the unknown gene, and therefore greatly facilitate gene 
annotation [78]. For instance, using this approach, MazG has been found as a nucleoside 
triphosphate pyrophosphohydrolase by identifying its interaction with Era, a GTPase in E. coli 
[79]. 

Two major types of techniques exist for characterizing PPIs in high-throughput studies. 
The first technique is Tandem Affinity Purification (TAP), which isolates protein complexes using 
affinity purification followed by complex partner identification using mass spectrometry, and 
detects direct and indirect interactions [80]. This method has been used to characterize the 
interactome of E. coli [78, 81], Helicobacter pylori [82] and Mycoplasma pneumoniae [83]. 
However, it needs the introduction of the TAP tag at specific locus, which requires a lot of 
genetic manipulation, and sometimes is not easily feasible in many organisms [84]. A “tagless” 
version has been developed to bypass this problem and was used to construct co-fractionation 
maps of protein interactions for human proteome [85] and Desulfovibrio vulgaris membrane 
proteins [86]. Nevertheless, these techniques cannot specify direct binary interactions, and 
they are too expensive and time-consuming to apply to any organism of interest easily and 
rapidly. 

The second type of techniques to detect PPI is two-hybrid methods, which allows 
detection of binary interactions. This methodology contains three sub-categories: 
transcriptional activation factor reconstitution (originated from the traditional yeast two-hybrid 
system) which usually contains a DNA-binding domain (DBD) and an activation domain (AD), 
protein fragment complementation assay (PCA) which reconstitutes functional enzymes, and 
fluorescence transfer (FRET/BRET) [77]. The former two classes are amenable to scale up for 
genome-wide screening by using genomic library as the bait or/and prey. The major distinction 
between the two is that PCA requires PPI-induced refolding of two protein fragments of 
interest, while the traditional two-hybrid does not, and thus PCAs tend to be more sensitive 
[87]. Comprehensive interactome maps have been studied in Campylobacter jejuni [88], 
Synechocystis sp. [89], Mesorhizobium loti [90], Helicobacter pylori [91, 92] and recently E. coli 
[93], using yeast two-hybrid screens, as well as Mycobacterium tuberculosis [94] using bacterial 
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two-hybrid system. Other groups have combined yeast-two hybrid with NGS by Stitch-seq and 
use it to characterize the human interactome [95, 96]. However, these studies require colony 
PCR to characterize individual positive colonies, which is not high-throughput enough and 
cannot directly be used for our purpose. We want to overcome this limitation by combining the 
DNA barcode technique with emulsion-based fusion PCR. 

Here, we present a novel methodology - bacterial two-hybrid sequencing (B2H-seq), 
which rapidly reconstructs the interactome networks in bacteria with a single pot assay. We 
combine the existing bacterial two-hybrid assays and next generation sequencing (NGS), use 
barcodes to link interacting ORFs, and adapt emulsion-based fusion PCR to read out the result. 
This chapter is going to present the design and the state of every key step for this technique, as 
well as the challenges and potential directions for the future work. 

We have considered six bacterial two-hybrid (B2H) systems. The transcriptional 
activation reconstruction originated system detects PPI in E. coli using λcI DNA-binding domain 
and the N-terminal domain of the α subunit of RNA polymerase [97]. The LexA-based system 
measures heterodimerization in E. coli using transcriptional repression of lacZ [98]. The FLI-
TRAP (functional ligand-binding identification by Tat-based recognition of associating proteins) 
assay screens for protein interactions using an N-terminal Tat signal peptide and TEM-1 β-
lactamase (Bla) which enables selection using ampicillin resistance [99]. The other three 
systems are typical PCAs. BACTH (Bacterial Adenylate Cyclase Two-Hybrid) system is based on 
the reconstitution of adenylate cyclase activity in an E. coli cya mutant [100]. Split-Trp detects 
PPI based on the reconstitution of the activity of Trp1p and the complementation of tryptophan 
auxotrophy [101]. Split-mDHFR works by the reconstitution of active Murine Dihydrofolate 
Reductase (mDHFR) when the endogenous E. coli DHFR is specifically inhibited by trimethoprim 
(TMP) [102]. Split-mDHFR has been used for library-versus-library selection in E. coli, mainly to 
optimize interaction within a collection of mutant peptides [103, 104]. It has also be used to 
construct yeast protein interactome in vivo [105]. 
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Result and Discussion 

Designing bacterial two-hybrid sequencing (B2H-Seq) 

Our design is to convert existing "bacterial two-hybrid" (B2H) assays into a one-pot 
assay to identify the interactome (all protein-protein interactions) in a target organism (Figure 
4.1). The only reagent we need that is specific to the target microbe is their genomic DNA 
(gDNA), or cDNA, or ORF library, if it has been constructed. Instead of performing one-versus-
one selection as regular "bacterial two-hybrid" assays do, we clone the whole library into the 
B2H vectors and fuse them to the domains that are used for selection. We also clone in unique 
barcodes, 20 random nucleotides, close to inserted library, to avoid potential bias in lengths 
and GC contents when performing PCR after selection. 

Two different schemes exist to bring the barcodes together for deep sequencing. One is 
to combine two B2H vectors with different fusion proteins into a single vector prior to selection. 
The other is to keep them in separate plasmids until after the selection and only combine the 
barcodes from the same cell together during fusion PCR. We chose the latter because this 
strategy will generate libraries that are more diverse with fewer cloning steps. Moreover, the 
fusion PCR on single cell works well, as will be presented later in this chapter. 

We use E. coli as the host for the bacterial two-hybrid selection. We perform the 
selection on solid growth medium, because we noticed that if growing in liquid media, the fast 
grower would rapidly take over the whole population and the result would just show that one 
dominant strain. 

 

Barcoding the vectors 

 We clone a linker region with restriction enzymes SbfI and FseI recognition sites into the 
B2H vectors at the locations that are close to the gDNA or ORF library that are to be cloned in 
later. Next, we insert barcodes (random 20-mer) flanked by pre-designed priming sites into the 
plasmids using these restriction sites. We use Illumina MiSeq to characterize the diversity of the 
barcodes. We have generated over a million barcodes for three out of the four vectors from 
split-mDHFR and split-Trp, and half million barcodes for the remaining one (Table 4.1). 

 

Construction and characterization of gDNA and ORF library 

 We use type II restriction enzymes to clone the library into the B2H vectors. Enzymes 
BstXI and SfiI are used for sheared genomic DNA and E. coli ASKA ORF library [106], respectively. 
The non-palindromic cloning method using type II restriction enzymes can minimize self-ligation 
and ensure the direction of inserts during ligation, so that how the inserted ORF fused with B2H 
domains can be precisely controlled. We clone the recognition sites into the B2H vectors and 
then insert sheared genomic DNA or ORF library into the positions marked by the restriction 
sites. 
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Figure 4.1: Schematic of our bacterial two-hybrid sequencing (B2H-Seq) pipeline design. 
Sheared genomic DNA (gDNA) or cDNA or ORF library of the target organism will be cloned into 
two separate plasmids of a chosen two-hybrid system. Their inserting libraries, namely “Protein 
X” and “Protein Y”, will be fused to D1 and D2, respectively, which are domains that trigger a 
selectable activity when X and Y are brought into proximity. Different barcodes will also be 
cloned into each plasmids at the locations that are close to X and Y. Barcodes are immediately 
upstream of promoters because X/Y are 5’ fused to D1/D2 in this scheme. Barcodes may also 
locate immediate downstream of terminator T if X/Y are 3’ fused to D1/D2 in some selection 
systems. The constructs will be co-transformed into a reporter E. coli strain, which will be the 
host for testing all protein-protein interactions. Positive colonies on selection plates will be 
collected and fusion PCR will be performed on their plasmids to concatenate two barcodes 
from the same colonies together. The fused PCR product will be read out on next-generation 
sequencing platform. 
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More specifically, we extracted the E. coli genomic DNA, sheared it using Covaris S220 
with settings that shears gDNA into around 1.5 kB fragments (Figure 4.2 A), ligated adapters 
with noncomplementary (CACA) overhangs (Figure 4.2 B), and inserted them into the B2H 
vectors with BstXI recognition sites. 1.5 kB will cover 88% of E. coli protein-coding genes and 
almost all protein domains. By examining 36 constructs from the library by random picking 
single colonies followed by Sanger sequencing, we found that the inserted gDNA library are 
evenly distributed across the entire genome and both strands (Figure 4.2 C). Seven out of these 
36 clones have CDS. This is consistent with the theoretical prediction: about one sixth of the 
random fragmented gDNA contains fused partial CDS, assuming the breakage of DNA is 
unbiased across the genome (Figure 4.2 D). This ratio can be potentially increased by enriching 
in-frame CDS in the gDNA fragment library, for example, selecting protein-coding fragments 
after gDNA shearing [107, 108], or customizing the cleavage of genomic DNA. 

 The complete set of ORF clones of E. coli K-12 has been constructed [106]. Considering 
the wealth of knowledge of E. coli protein-protein interactions, we use it as our first target 
organism to develop and characterize our B2H-Seq system. SfiI restriction sites are available at 
both boundaries of the ORFs in the ASKA library [106]. Similar to the procedure that clones the 
gDNA library in as described above, we insert the ASKA library into the vectors with SfiI 
recognition sites. 

Next, we characterized the inserted ORF library as well as their linkage to the pre-
inserted barcodes by Illumina MiSeq (Table 4.1). Around 106 paired-end reads were generated 
for each library. We trimmed the reads by removing the bases that have quality lower than 30 
(0.1% accuracy). We extract the barcode sequences and the partial ORF sequences from each 
pair read. The ORFs are then determined by aligning the sequences to E. coli K-12 CDS database. 
About 20-41 thousand barcode-ORF pairs are supported by at least two reads. More reads may 
be helpful to characterize the linkage of barcodes and ORFs more accurately. Here, we consider 
all useable barcode-ORF pairs that the ORF can be uniquely identified by a given barcode. In 
total, 21% to 41% out of the 4267 E. coli ORFs in the ASKA library can be uniquely identified by 
the barcodes (Table 4.1). The missing ORFs from the final library are likely due to the 
insufficient recovery at the electrophoresis gel extraction and the ligation reaction, which will 
bias against the long insertions. This is confirmed by the size distribution of the genes that are 
present in our libraries (Figure 4.3): small ORFs are more easily to be cloned in than the larger 
ones. This bias may be minimized by cloning the missing larger ORFs separately. This is feasible 
because the whole ASKA library is arranged in order and stored in the 384-well plates, from 
which one or several sub-pools with chosen ORFs can be made with the help of Biomek® FXP 
Laboratory Automation Workstation. 

Library 
ID 

B2H system domain barcode 
type 

barcode 
number* 

barcode-ORF 
pairs (BOP) 

Usable BOP 
(unique ORF) 

BOP with at 
least 2 reads 

identified 
ORF 

1 split-mDHFR DHFR[1,2] TAG2 1,671,880 54,988 36,998 19,773 904 (21.2%) 
2 split-mDHFR DHFR[3] TAG1 1,980,045 117,597 61,656 35,608 1,031 (24.2%) 
3 split-Trp Ntrp TAG2 1,137,370 35,886 33,259 25,083 1,766 (41.4%) 
4 split-Trp Ctrp TAG1 484,683 192,654 50,788 41,540 1,397 (32.7%) 

*Maximum-likelihood estimation based on two independent MiSeq runs   

Table 4.1: Summary of barcode and barcode-ORF linkage characterization using MiSeq. 
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Figure 4.2: Constructing genomic DNA library. (A) Electrophoresis image for sheared genomic 
DNA (gDNA) using Covaris S220. Lane 1 is sheared by the 1500bp setting and lane 2 is sheared 
by the 1-2kb setting. The former is used for the library construction. (B) Sequence details for 
inserted gDNA fragment. The BstXI adapters are highlighted in red.  (C) The locations of gDNA 
fragment from a sample of 36 single colonies across the genome and two strands. (D) Pie plot 
of the composition of different types of gDNA fragments estimated by simulation. 
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Figure 4.3: Histogram of the sizes of the ORFs in each library. The sizes of all E. coli protein-
coding genes are shown as the black solid line. The two libraries for split-mDHFR system are 
shown as the red and green dash lines. The two for split-Trp are shown in blue and cyan. 

 

Emulsion-based fusion PCR to link barcodes from separate plasmids 

In order to get the interaction information from the bacterial two-hybrid selections, we 
have to link together the barcodes on two separate B2H vectors from one system inside the 
same bacterial cell growing on the selection plate. We apply emulsion-based fusion PCR such 
that the PCR will happen inside the emulsions (water-in-oil compartments) where each droplet 
will only contain at most one single cell most of the times, if the cell culture has been diluted 
sufficiently. In this way, we can achieve the linking between two barcodes and avoid the 
contamination of the fusion products of barcodes linking from different cells. The one-step 
fusion PCR protocol is adapted from the haplotype fusion PCR [109] (Figure 4.4 A), which works 
well by generating the fused product in a single reaction (Figure 4.4 B). 

We have tried two approaches to generate emulsions: i) mix water and oil by vortex or 
stirring, and ii) use special designed microfluidics equipment. For the first method, we tested 
different vortex speed (Figure 4.5 A) and duration (Figure 4.5 B). We see a decreased size of 
emulsions along with increased amount of broken droplet debris at higher vortex speed and 
longer vortex duration. In general, with simple vortex, it is hard to generate large amount of 
uniform emulsions, which are large enough to contain bacterial cells and small enough so that 
the majority of emulsions only contain at most one cell. We then test the stirring method. 
Similar with the vortex method, we compare various stirring speed, duration, and water-to-oil 
ratio. We find that adding 50ul aqueous phase into 200ul emulsion oil and stirring under 
600RPM for 5min at room temperature generated many and uniform droplets with proper sizes 
(Figure 4.5 C) . However, most of the emulsions break during temperature cycling. 
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Figure 4.4: One-step fusion PCR. (A) The scheme of the fusion PCR (adapted from [109]). F1 and 
R1, and F2 and R2 are designed common priming sites for barcode 1 and barcode 2 on two 
separate plasmids. F2’-R1 is a fusion primer with the reverse complementary sequence of F2 
appended to the 5’-end of R1. Primers F1, R2 and F2’-R1 are added to the PCR, where F2’-R1 is 
at a lower concentration than the other two primers. (B) Electrophoresis image for the fusion 
PCR product, which is around 100bp, as shown by the arrow. The two lanes on the left are 
FastRuler high range and low range DNA ladders. 
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Figure 4.5: Emulsions under microscope. (A) Emulsions generated by various vortex speeds. 
The numbers indicate the speed level on VWR VM 3000 mini vortexer. Green dots are E. coli 
with constitutively expressed GFP. Same for B. (B) Emulsion generated from various vortex 
durations in seconds. Grey circles are images of emulsions. (C) Emulsions generated by stirring 
at 600RPM for 5min. All processes were done at room temperature. 

 

 

 

We then turn to a recently developed microfluidic system at Adam Abate’s lab (UCSF).  
They are able to create droplets of controlled sizes in a high-throughput manner. Working with 
John Haliburton who performed emulsion PCR at Abate lab, we get higher than 90% accuracy 
(fusion PCR products from single cells), compared with merely 2.5% accuracy for PCR products 
from bulk experiment (no emulsion control). Note that the accuracy drops when the additional 
number of PCR cycles to MiSeq adapters increases (data not shown). Overall, emulsion-based 
fusion PCR based on microfluidic system is a reliable way to read out the pairing of barcodes on 
separate plasmids from a single E. coli cell. 
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Characterizing bacterial two-hybrid assays on library selection 

We have considered multiple B2H systems. The ones based on transcription activation 
cannot be directly used due to their usage of lacZ as the reporter gene [97, 98]. FLI-TRAP, based 
on Tat system, enables selection by ampicillin resistance [99]. However, it only works at low cell 
density and show non-negligible false positive rate when more cells are plated (data not shown). 
Split-Cya (BACTH system, EUK001) can be selected on M63/maltose medium [100]. However, 
we can hardly collect colonies from the selection plate. Thus, we decide to focus on two 
bacterial two-hybrid systems: split-mDHFR [102] and split-Trp [101]. 

 

 

 

 

 

Protein1 Protein2 Reference TAP [78, 81] Y2H [93] Function 
Ras Raf [102] - - split-mDHFR positive control 

KdpE KdpE [101] - - split-Trp positive control 
leucine zipper leucine zipper [100] - - BATCH positive control 

beta-flap sigma70R4 [97] - - Alpha-lambdaCI positive control 
Rep UvrD [110]  √ Helicase 
RluB RluC [81] √  23S rRNA pseudouridylate synthase 
RpoB RpoC [111] √  RNA Polymerase 
PheS PheT [112] √ √ Phe-tRNA Synthetase 
DnaK GrpE [113] √  heat shock chaperone system 

TsaB (YeaZ) TsaD (YgjD) [114] √ √ threonylcarbamoyladenosine biosynthesis 
TsaB (YeaZ) TsaE (YjeE) [114]  √ threonylcarbamoyladenosine biosynthesis 
SufB (ynhE) SufC [115] √ √ FeS cluster scaffold 

Rne Pnp [116] √  Degradosome 
AccA AccD [117] √ √ Acetyl-CoA carboxylase 
DnaE DnaX [118] √ √ DNA Polymerase III 
SucA SucB [119] √ √ 2-OG dehydrogenase 

FadI (YfcY) FadJ (YfcX) [120] √  anaerobic fatty acid oxidation complex 
 

Table 4.2: Seventeen pairs of interactive protein pairs for one-versus-one experiment. The 
fourth and fifth columns indicate whether the interaction is supported by tandem affinity 
purification (TAP) [78, 81] or yeast two-hybrid data sets [93]. 
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First, we test the positive and negative controls provided by the authors. All of them 
work well (data not shown). After introducing barcodes and library insertion sites, we then 
benchmark our modified systems with a larger scale one-versus-one selection. We choose 
seventeen pairs of proteins which are supposed to interact with each other (Table 4.2). Four of 
them are the positive controls used in four different bacterial two-hybrid assays. The other 
thirteen are E. coli ORFs from various functional pathways, whose interactions are supported by 
interactome data sets generated by tandem affinity purification (TAP) [78, 81] or yeast two-
hybrid selection [93] or both. These seventeen pairs of proteins form our reference set of 
thirty-five positive controls in our experiment, which includes two ORF-vector combinations for 
each of the pair and two additional homodimers for AccA and TsaB. We rearrange these 
seventeen pairs and generate a set of sixty-one pairs that are not supposed to interact as our 
negative controls. We clone these genes into the plasmids for split-mDHFR and split-Trp 
systems, and co-transform the pre-designed pairs into their corresponding reporter strains. We 
perform ten-fold serial dilution for the washed overnight culture of these 96 control strains and 
dot plate them on the solid selection media with 20uM or 1mM IPTG for split-mDHFR and 1mM 
or 2mM IPTG for split-Trp. We also dot plate the same culture on the media without selection, 
which assays the initial cell density and can be used for normalization. 

After colonies appear on the plate, we define “growth level” to quantify the growth of 
each strain by comparing the selection plates with the no-selection plates for a given strain. For 
example, a strain will have growth level “five” calculated from 4 + 1 if its growth meets the 
following conditions. First, it has colonies at four spotting levels from no dilution up to three 
times of serial dilution on the selection plate. Second, it shows about ten-fold fewer colonies 
than the majority of the rest of the strains on the non-selection plate. We then plot the 
histogram of the growth levels for the strains in the sets of positive and negative controls 
(Figure 4.6). The strains as positive controls grow better than the negative controls for both 
systems and all tested induction levels. With 1mM IPTG, more growth is observed for split-
mDHFR than split-Trp (Figure 4.6 AB). With reduced amount of IPTG (20uM), fewer negative 
controls grow for split-mDHFR (Figure 4.6 C). With doubled amount of IPTG, slightly more 
strains from positive controls grow for split-Trp (Figure 4.6 D). Overall, split-Trp is more 
stringent than split-mDHFR over our selected controls. Thus, split-Trp may be a better system to 
minimize false positive rate, however, it also suffers from too few colonies, which limits its 
application in characterizing protein-protein interaction in a high-throughput manner.  

We plot the Receiver Operating Characteristic (ROC) curve by counting the true and 
false positive rate when using different values of growth level as threshold (Figure 4.7). It shows 
that using split-mDHFR system, lower IPTG concentration gives lower false positive rate and 
higher true positive rate. Therefore, multiple induction levels especially the low levels need to 
be considered when performing high-throughput selection. 
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Figure 4.6: One-versus-one selection result. (A) split-mDHFR assay given 1mM IPTG. (B) split-
mDHFR assay given 20uM IPTG. (C) split-Trp assay given 1mM IPTG. (D) split-Trp assay given 
20uM IPTG. The X-axis represents the growth level (an integer within 0 and 7) defined as the 
maximum time of ten-fold dilutions that still give colonies on the given selection plate. It is 
normalized by the growth on no selection control plate. The red solid line is the histogram of 
growth levels for positive controls. The black dash line is the histogram of the growth levels for 
the negative controls. 
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Figure 4.7: Receiver Operating Characteristic (ROC) curve for the one-versus-one selection 
result. Each data point represents a specific threshold for growth level. ROC curves measure 
sensitivity (true-positive rate) as a function of (1-specificity) or false-positive rate. The true 
positive rate is calculated as the proportion of the positive control references show growth 
level higher than the threshold. The false positive rate is calculated as the proportion of the 
negative control references show growth level higher than the threshold. 

 

 

 

 

Next, we tested our modified split-mDHFR system with one-versus-library selection, for 
which we pick individual proteins as baits (fused with mDHFR[1,2], marked by TAG2) and use 
the E. coli ASKA ORF collection as the prey library (fused with mDHFR[3], marked by TAG1). We 
first show that our library construction and selection is highly reproducible (R = 0.96 without 
selection and R = 0.73 with selection, Figure 4.8). From our previous seventeen pairs of ORFs, 
we picked five E. coli proteins (TsaD, TsaB, TsaE, DnaK and SucA), whose interacting proteins are 
available in our constructed prey library. We perform selection with various induction levels 
(IPTG concentration) in a combination of various inhibition levels or selection strength 
(Trimethoprim/TMP concentration). 
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Figure 4.8: Biological replicates for split-mDHFR assay. The plots show log2 value of the 
number of reads mapped to each interacting prey (an E. coli ORF) from two independent one-
versus-library experiments using DnaK as the bait and 1mM IPTG as the induction level. (A) 
Without selection (no TMP added). (B) With selection (40 ug/ml TMP). 

 

As shown in Figure 4.9, low induction level (20uM IPTG) gives much fewer colonies as 
well as higher true positive rate compared with high induction level (1mM IPTG). We reveal 
these interacting preys by Sanger sequencing. Taking all five baits together, 59% (32/54) of the 
sequenced colonies at 20uM IPTG plates are true positives. This number is even more 
remarkable when only consider TsaD and TsaB, which shows 100% and 88% true positives at 
20uM IPTG. Of the other three, TsaE and SucA do not have any colonies growing at that 
induction level, and DnaK is a heat shock chaperone, which is expected to generate noisier 
result. At 1mM IPTG, 62% (16/26) of the interacting preys by TsaD are true positives, but none 
of the colonies by TsaE makes sense based on published results. Hundreds to thousands of 
colonies grow on selection plates with TsaB/DnaK as baits. For these colonies, we use Illumina 
MiSeq to identify the barcode sequences and map to the interacting preys based on the 
previously determined barcode-ORF linkage. By plotting the number of reads mapped to a 
certain prey from a selection plate versus those mapped to the same prey from the plate 
without selection (no TMP added), we find that the true positives (with evidence from TAP [81] 
or yeast two-hybrid [93] or both or other literatures) are not enriched compared to false 
positives (Figure 4.9). 

In addition, from an independent experiment, E. coli FolA is enriched in the selection 
(Figure 4.10 AB). FolA is the endogenous E. coli DHFR, whose activity is supposed to be inhibited 
by TMP and is much more sensitive to TMP than mDHFR. Indeed, we notice a decrease in 
growth for FolA overexpressed strain with an increase of TMP concentration (Figure 4.10 C). 
However, an enrichment of FolA from split-mDHFR selection suggests that such inhibition is 
sometimes insufficient when FolA is overexpressed. We may need to consider fresh TMP 
solution or higher concentration, or to remove FolA from the prey library. 
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Figure 4.9: One-versus-library selection result. Five baits have been used (TsaD, TsaB, TsaE, 
DnaK and SucA) and each row shows the result for one of them. Each column shows the result 
for one selection condition, with two different induction levels (20uM or 1mM IPTG) and three 
different selection strengths (10, 40 or 80 ug/ml TMP). The pie charts summarized the number 
and the types of interacting preys from each selection condition. Red, grey and white 
proportions represent true positives, false positives, and ORF cannot be determined (NA), 
respectively. The numbers insides tell the number of preys for each category. Circles with zero 
means no colony was growing under such condition. Plots for TsaB and DnaK at 1mM IPTG 
regions are summary for the MiSeq data. For each plot, Y-axis is the log2 of reads from 
selection plate and X-axis is the log2 of reads from without selection plate (no TMP added). 
Colored dots are the true positives – interacting preys with evidence from TAP [81] or yeast 
two-hybrid [93] or both or other literatures. 
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Figure 4.10: E. coli FolA dominates the preys from some split-mDHFR selection. (A) Result 
from a second one-versus-library experiment using TsaB and DnaK as baits. There are one IPTG 
level and two different TMP concentrations for each of them (in the same format as Figure 4.9). 
Orange pie slices represent the proportion of FolA. (B) Three additional MiSeq data for one-
versus-library selection using TsaB or DnaK as bait and with 1mM IPTG. For each plot, Y-axis is 
the log2 of reads from selection plate (TMP concentration are 10 and 40 ug/ml for TsaB and 10 
ug/ml for DnaK, as stated in the title), and X-axis is the log2 of reads from without selection 
plate (no TMP added). Colored dots are the true positives – preys with evidence from TAP [81] 
or yeast two-hybrid [93] or both or other literatures. Dash lines are linear regression fit of the 
log2 number of reads with slope fixed to 1. (C) The growth of the serial diluted E. coli with FolA 
overexpressed, dot plating on TMP containing medium. 
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To explore the best range of IPTG induction, we perform another round of one-versus-
library selection and additional library-versus-library selection using our modified split-mDHFR 
system under seven different IPTG concentrations. We use 10 ug/ml TMP this time. The one-
versus-library experiment is done as previously described. The library-versus-library uses E. coli 
ASKA collection as both the bait library and the prey library (Figure 4.11). We count the number 
of colonies on each selection plate (Figure 4.11 A). At no and low induction (0 and 20 uM IPTG), 
there are almost no colonies. More colonies grow at 40 uM or higher IPTG concentration for 
TsaB, TsaE and ASKA collection as the bait (library). To eliminate the bias in initial cell density, 
we serial diluted the recovered culture, plate them on selective LB medium, and count the CFUs. 
We get around 4 × 105, 4 × 105, 8 × 105, 1.2 × 106, 1.2 × 105 and 1.6 × 106 co-
transformants for DnaK, TsaD, TsaB, TsaE, SucA and the ASKA ORFs-mDHFR[1,2] plus the ASKA 
ORFs prey library-mDHFR[3], respectively. Since we get the least number of co-transformants 
for SucA, we normalize the number for the other five baits by dividing the actual number by the 
fold difference between the number of its co-transformants and that of SucA’s. By visualizing 
the normalized number with boxplots (Figure 4.11 B), we can see that higher induction level 
leads to more colonies growing on selection plates. The largest difference is between 20 uM 
and 40 uM IPTG. The significant decrease of colony numbers on 1mM IPTG plates compared 
with previous result may reflect the inconsistency in plating, which will need to be addressed 
before moving forward to further scale it up. 
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Figure 4.11: Number of colonies growing on selection plates with different level of induction. 
(A) Plot of the exact numbers of colonies. Each line shows the changes in colonies numbers for 
one bait (DnaK, SuA, TsaB, TsaD, TsaE, or the ASKA ORF library). X-axis shows log2 value of the 
IPTG concentration in the solid media (0, 20, 40, 80, 160, 500, 1000 uM). (B) Scatter plot of the 
normalized number of colonies (per ~104 transformants) over different IPTG concentrations. 
Black lines show the median of normalized colony numbers for each IPTG concentration. 
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Summary 

We break down the entire B2H-Seq pipeline into three key components: i) library 
construction, ii) selection, and iii) sequencing read-out, and construct and test them separately. 
We have developed working protocols to construct both gDNA and ORFs libraries, although the 
current pipeline biases against long ORFs (Figure 4.3), which need to be added into the library 
in the future. We show that emulsion-based fusion PCR using microfluidics followed by deep 
sequencing is a reliable way to read out the result of two-hybrid selection. We also have 
evidence showing that the B2H-based selection works in the one-versus-one experiments 
(Figure 4.6) and partially works for some baits (TsaB and TsaD) with low induction in the one-
versus-library experiments (Figure 4.9). However, scaling up to characterize the entire 
interactome remains to be a challenge, because the selections being tested so far has 
generated either too few colonies or too noisy data (Figure 4.9 and 4.11). 

More effort will be needed to obtain selection result that is more consistent. At the 
same time, other systems can be further modified in order to be scaled up for library-versus-
library selection. For example, BacterioMatch II Two-Hybrid System has been used to construct 
global PPI network in Mycobacterium tuberculosis [94]. Although this version is no longer 
commercially available, it can be generated by switching lacZ in the original BacterioMatch II 
two-hybrid system to his3 (or gfp, or bla) as the new reporter gene. Other systems may also be 
re-considered, such as BATCH system by changing the reporter gene, or other GFP-based 
screens by combining with Fluorescence Activated Cell Sorting (FACS) flow cytometry. 
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Materials and Methods 

Bacterial strains, vectors, and genetic manipulations. The BacterioMatch II two-hybrid system 
[97] was supplied by Dr. Ann Hochschild, Harvard Medical School. The LexA-based two-hybrid 
system [98] was supplied by Dr. Karin Schnetz, University of Cologne, Germany. The FLI-TRAP 
system [99] as supplied by Dr. Matthew DeLisa, Cornell University. The BACTH system (EUK001) 
[100] was supplied by Dr. Kathleen Ryan, University of California, Berkeley. The split-mDHFR 
system [102] was supplied by Dr. Stephen Michnick, Université de Montréal, Canada. The split-
Trp [101] was supplied by Dr. Helen O'Hare, University of Leicester, UK. All molecular cloning 
processes are performed in E. coli XL1-Blue cells. Phusion Polymerase (Fermentas F-549) Gibson 
Assembly (NEB E2611) is used for re-constructing the vectors. For all selection vectors, the 
native recognition sites for BstXI or SfiI, if existing, were mutated to avoid off-target cleavage 
during library construction. Synonymous mutations were used if the original sites located in the 
protein coding sequences. For split-mDHFR, the ampicillin resistant gene in one of the selection 
vectors (bearing mDHFR[1,2]) was changed into chloramphenicol resistant gene, so that the co-
transformants of both selection vectors could be easier selected. We also inserted the 10-
amino-acid flexible polypeptide linker (Gly⋅ Gly⋅ Gly⋅ Gly⋅Ser)2 from the mammalian DHFR PCA 
survival selection assay [102] into our system to potentially tolerant larger interacting proteins. 

Barcode library construction. Cloning cassettes with the recognition sites for the restriction 
enzymes SbfI and FseI were introduced into the target vectors at pre-designed locations. 
Random barcodes (N20) flanked by universal priming sites were synthesized by IDT and 
amplified to incorporate the restriction sites. Two sets of barcodes with different pairs of 
priming sites were used (TAG1: GATGTCCACGAGGTCTCTNNNNNNNNNNNNNNNNNNNNCGTACGCTGCAGGTCGAC, 
TAG2: GCTATCTGCCTGTCGCACNNNNNNNNNNNNNNNNNNNNCTACGAGACCGACACCG). Barcodes were then 
inserted into the target vectors using SbfI and FseI sites. The diversity of the barcodes was 
characterized by PCR using the universal priming sites followed by Illumina MiSeq. 

Genomic DNA library construction and ligation. Genomic DNA was isolated using QIAGEN 
DNeasy Blood & Tissue kit and sheared by using Covaris S220 at Berkeley Functional Genomics 
Laboratory with three settings (Duty cycle/Time(sec)/Intensity: 5/40/3, 2/15/4 and 5/55/5). The 
sheared genomic DNA was then size selected using Agencourt Ampure XP beads, end repaired 
using End-It DNA End-Repair Kit (Epicentre ER0720), and purified using MinElute Reaction 
Cleanup Kit (QIAGEN 28204). The cleaned-up product was characterized by Bioanalyzer high-
sensitivity DNA chip (Agilent) and the best setting (Duty cycle: 2, Time: 15 sec, Intensity: 4) was 
chosen. We cloned pBad driven AraC (from Chris Anderson lab at UC Berkeley) flanked by BstXI 
recognition sites into the target vectors, and inserted the purified sheared genomic DNA into 
the plasmids using the BstXI sites with the protocol adapted from whole genome sequencing 
[121]. More specifically, sheared genomic DNA was ligated with BstXI-linker adapters 
(Invitrogen N41818), which was then ligated into BstXI-digested vectors using Fast-Link DNA 
Ligation Kit (Epicentre LK0750H). Ligation product was transformed into XL1-blue competent 
cells. The pBad-AraC cassette should not exist in the product vector if an adaptor-gDNA was 
successfully cloned, thus would survive in the selection media containing 0.2% arabinose. The 
selected colonies was verified by colony PCR followed by Sanger sequencing. 
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E coli. ASKA ORF library ligation. Similar with genomic DNA library ligation, pBad-AraC flanked 
by SfiI recognition sites was cloned into the target vectors. ASKA ORF collection was purified by 
QIAGEN Plasmid Plus Maxi Kit (QIAGEN 12963), and digested by SfiI enzyme. Ligation and 
selection were performed in the same way as the sheared genomic DNA library construction. 
The final library was PCR amplified and the diversity of the library as well as the linkage 
between ORF and barcode was characterized by Illumina MiSeq. 

One-step fusion PCR. The fusion PCR protocol is adapted from [109]. Specifically, 1 µM of the 
forward and reverse primers (F1 and R2) together with 10 nM of the fusion primer (F2-R1’, 
Figure 4.4) have been added into the PCR reaction. Two major stages happened during the PCR: 
(i) at the beginning cycles, barcode2 is amplified linearly by primer R2, while barcode1 is 
amplified exponentially until primer F2-R1’ is run out, and (ii) the amplicon generated by F1 and 
F2-R1’ can prime on barcode2 and produces fused template, which is amplified exponentially 
by F1 and R2 in the later cycles. 

Emulsions generated by vortex or stirring. Emulsion oil is prepared as described in [122]: 50 ml 
emulsion oil contains 2.25 mL Span 80, 200 µL Tween 80, 25 µL Triton X-100, and the rest is 
mineral oil. Cells constitutively expressing GFP were grown in Luria-Bertani broth (LB) at 37°C 
overnight. Then the cells were collected, washed with and resuspended in water, which was 
used for making emulsions. For the vortex method, 20 µL washed cells in water were added 
into 200 µL emulsion oil and vortex to mix in cryovial at various levels of power for different 
periods. The shape of the emulsions and the distribution of cells inside emulsions were 
examined under a fluorescence microscope (Figure 4.5). For the stirring method, aqueous 
phase were added into the emulsion oil in a dropwise manner over a period of 1-2 min. Various 
stirring speeds and periods were also compared. The emulsions were broken with diethyl ether. 

Characterize emulsion-based fusion PCR performed by microfluidics system. We attached 
Illumina adaptors by amplifying the emulsion-based fusion PCR products using primers 
CAAGCAGAAGACGGCATACGAGATCGGTCTCGGCATTCCTGCTGAACCGCTCTTCCGATCTGATGTCCACGAGGTCTCT and 
AATGATACGGCGACCACCGAGATCTACACTCTTTCCCTACACGACGCTCTTCCGATCT[7nt Index]CCGGTGTCGGTCTCGTAG. 
Various numbers of PCR cycles (5, 10, 15, 20, 25 and 30) were performed and compared. 

One-versus-one selection. Chosen ORFs were cleaved or PCR from the ASKA ORF collection, 
and inserted into the selection vectors. Pairs of vectors with ORFs forming positive or negative 
controls were co-transformed into the reporter strain, and the correct transformants were 
selected on LB agar supplemented with corresponding antibiotics. Due to the large amount of 
transformation, chemical competent cells and large QTray with 48-well dividers (Genetix X6029) 
were used [123]. Single colonies were picked and all the transformants verified by colony PCR. 
The right transformants were re-inoculated and grown overnight in LB/antibiotics at 37 °C using 
96 well block. The overnight culture were harvested and washed twice using 1X PBS. The pellets 
were then resuspended in PBS and performed 10-fold serial dilution for seven times. 3-5 µL of 
the diluted cell suspension as well as the original concentration were dot plated on the 
selection plates (M9 agar with TMP for split-mDHFR or VB agar without tryptophan for split-Trp 
in Nunc OmniTray [Thermo Scientific]). Two induction levels (IPTG concentration) were used. 
The same amount of suspensions were also dot plated on the control plates without selection. 
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These plates were incubated at 30°C for 2-3 days (split-mDHFR system) or 3-5 days (split-Trp 
system). Finally, “growth level” were calculated by counting the maximum times of dilutions 
(including the original concentration) that still had colonies growing. The numbers were slightly 
adjusted/normalized by the growth situation on the no selection control plates, which reflected 
the initial cell density. The growth levels for the positive and negative control sets from split-
mDHFR and split-Trp systems were summarized and compared (Figure 4.6). 

One-versus-library selection. Split-mDHFR system was used for this experiment. We 
transformed the prey library with ASKA ORF collection (TAG1-ORF-mDHFR[3]) into the 
electrocompetent BL21/pREP4 cells (1.75 kV, 25 µF and 200 Ω). We added 1 ml SOC to the 
reaction, transferred the cell suspensions to a new culture tube, and incubated at 37 °C with 
shaking for an hour. We took 10 µl of the culture from it, performed serial dilution, and 
counted CFUs to estimate the diversity of the transformants. We then re-inoculated the 
remaining culture into 100 ml fresh medium supplemented with 25 µg ml-1 kanamycin (to 
maintain pREP4 vector) and 100 µg ml-1 ampicillin (to select the selection vector with TAG1-
ORF-mDHFR[3]), and outgrew it at 37 °C with shaking overnight. At the second day, we diluted 
4ml of the overnight culture into 400 mls fresh media, and incubated it at 37 °C with shaking for 
about three hours till OD600 reached 0.7∼1. Electrocompetent cells were made from it following 
the standard protocol. The second selection vector with chosen baits cloned in (TAG2-bait-
mDHFR[1,2]) was then transformed into the cells. After 1-hour recovery with 1 ml SOC, serial 
dilution followed by plating and CFU counting on LB agar supplemented with 25 µg ml-1 
kanamycin, 100 µg ml-1 ampicillin and 10 µg ml-1 chloramphenicol were performed to estimate 
the initial size of the population with both vectors successfully transformed in prior to selection. 
The cells were washed twice with and re-suspend in 1X PBS to remove rich medium. The 
suspensions were spread on DHFR PCA selective medium (solid M9 minimal medium plus 25 µg 
ml-1 kanamycin, 100 µg ml-1 ampicillin, 10 µg ml-1 chloramphenicol, 20 µM - 1 mM IPTG and 10 
µg ml-1 trimethoprim) using Nunc Bio-Assay Dishes (Thermo Scientific). The plates were 
incubated at 30°C for 2-3 days, and the interacting preys were characterized by Illumina MiSeq 
or Sanger sequencing which was chosen depending on the number of colonies on the plate. 

Library-versus-library selection. The procedure was the same as the “one-versus-library 
selection” described above, except that the ASKA ORF library was also cloned into the second 
selection vector (TAG2-ORF-mDHFR[1,2]). When scaling up, emulsion-based fusion PCR will be 
needed to characterize the interacting ORF pairs. 
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