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Abstract

Helicobacter pylori infects more than half of the world's population, and is known to be involved
in several diseases including gastric cancer. Its close interactions with the stomach and host
immune system serves as a good model to study the co-adaptation and co-evolution of the
organisms in the stomach micro-environment. In this project, we utilized RNA-seq and data
analysis tools to investigate differentially expressed genes by H. pylori in patients at different
stages of early gastric cancer development. We also investigated the abundance and diversity of
bacterial genera other than H. pylori, and looked for correlations with H. pylori presence and
number.

For differential gene expression of H. pylori, one gene was differentially expressed between
samples of corpus atrophy without metaplasia vs. samples of antrum gastritis, and eight genes
were found to be differentially expressed between samples of corpus atrophy with metaplasia vs.
samples with pan-gastritis. When samples were clustered into different groups based on the
expression data, 52 genes (shared or unique to the specific comparison groups) were found to be
differentially expressed, but no apparent patterns were observed that could be explained by
medical or sample collection data.

For bacterial diversity and abundances, we found several genera colonizing the stomach, of
which some have been previously identified. While most of these bacteria colonize regardless of
the presence of H. pylori, the abundance of three genera, Wolinella, Campylobacter, and
Veillonella, seem to be correlated with the presence of H. pylori.
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Background and Introduction

Around the 1980s, it was commonly believed that the stomach, due to its strong acidity (pH ~2),
is a sterile microenvironment. In 1984, pathologist Robin Warren and gastroenterologist Barry
Marshall discovered that patients with gastritis (inflammation of the stomach) and ulcer disease
have a dense sheet lining the stomach epithelium [1]. The medical community soon understood
that the gram-negative bacterium Helicobacter pylori was the main cause of many cases of
stomach inflammation, which in some cases developed further into peptic ulcer disease, chronic
gastritis, or gastric cancer [2]. During the past three decades, because of developments in
research techniques, other bacteria have also been found in the stomach in addition to H. pylori,
as shown in Table 1 [3-12]. However, much is still unknown about whether there are any
interactions between different bacterial genera and the host immune system response.

Table 1. Phylum and sample genera found in the stomach in previous studies. Sample genera in each
row were documented by all literatures listed.

Phylum Sample Genera References

Sjostedt et al. (1988) [3]
Monstein et al. (2000) [4]

Dias et al. (2006) [5]
Streptococus, Staphylococcus, Bik et al. (2006) [6]

Firmicutes Lactobacillus, Gamella, Dicksved et al. (2009) [7]
Veillonella Li et al. (2009) [8]

Stearns et al. (2011) [9]

von Rosenvinge et al. (2013) [10]
Delgado et al. (2013) [11]

Bacteroidetes | Prevotella [6]1[7][9][10]

Acinetobacter, Actinobacillus

: ! ; [41[6][9]]10]

Proteobacteria | Haemophilius, Campylobacter Meshkinpour et al. (1981) [12]
Pseudomonas

Micrococcus, Corynebacterium,

Actinomyces

Actinobacteria

[6][9][10]

Amongst the different bacteria found, H. pylori is of particular importance. It has been found to
infect more than half of the world's population from young age. Without proper treatment, the
host is infected for life [13]. The disease usually does not develop symptoms until adulthood [13].
According to Ferlay et al. [14], gastric cancer causes more than 700,000 deaths every year,
ranking it as the second largest cause of cancer mortality worldwide.

The close interaction between H. pylori and the stomach mucosa and host immune system raise
great interest in studying the co-adaptation and co-evolution of the pathogen and the host. H.
pylori has been found to be highly adaptive to its host, and carries a large degree of genome
variation due to high rate of mutation and recombination [15]. Recent studies have shown that
the geographical origin of the bacterial strain is associated with different characteristics and is
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thought to be influencing the development of gastric cancer [16]. This has been hard to study
because of the environmental differences for both the pathogen and host populations.

Recent development in DNA sequencing methods makes it much easier to perform this type of
research. The three most commonly used next generation sequencing (NGS) technologies are
454/Roche pyrosequencing, cyclic reversible termination with the Illumina instruments and
sequencing by ligation with SOLID (ABI) [17]. According to Casals et al. [17], in DNA
sequencing, a library preparation step before sequencing is shared amongst the three methods.
DNA is fragmented randomly by physical or enzymatic effect into desirable size. These short
fragments are attached to short DNA fragments called adaptors, with complementary sequences
to the oligonucleotides used for amplification and sequencing. DNA is then clonally amplified by
PCR, and the sequencing reaction is performed. Using a single-end protocol, the sequencing is
done on one end of the fragment, while in pair-end protocols sequencing is performed from both
ends. Not only the throughput increases in the pair-end protocol, the resulting reads, or short
DNA fragments, aligns with higher specificity in downstream alignment. After the initial
preparation step, the three technologies will differ in method of sequencing and analysis
procedure. Other papers have reviewed and compared the differences between the three
techniques [17, 18].

RNA-Seq is a variation of NGS technology [ref 5 from Stahl paper], in which RNA molecules
are first reverse transcribed into cDNA and, dependent on the protocol, may or may not be
amplified. Similar to DNA sequencing, the sequencing can be performed using the pair-end
protocol, yielding reads that are paired for higher specificity in downstream alignment. The
resulting reads can be aligned to a desirable reference for evaluation of transcriptional structure
and/or level of expression for each gene [19], which can be used for further expression
quantification and differential analysis [18].

A major advantage of RNA-Seq over other existing technologies, such as serial analysis of gene
expression (SAGE) [20, 21] or cap analysis of gene expression (CAGE) [22-24], is that it is not
limited to detecting transcripts that correspond to an existing genomic sequence [19], revealing
the exon layout in the genome and benefiting the study of complex transcriptomes. Another
advantage of RNA-Seq is its low background noise, if any. Theoretically RNA-Seq does not
have an upper limit for quantification [19], allowing for quantification of large scales of
expression levels, with higher accuracy and reproducibility over quantitative PCR [25,26]
Taking these advantages together, RNA-Seq allows the survey of a transcriptome in a high-
throughput and quantifiable manner.
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Problem Formulation

With intensive studies on gastric cancer, a disease development course has been proposed: i)
chronic gastritis, ii) corpus dominant atrophy, iii) metaplasia of the corpus mucosa, iv) dysplasia
and finally, v) gastric adenocarcinoma. This raises interest in studying the pathogen genome and
the strains present at each disease stage. Moreover, after H. pylori has neutralized the stomach
acid barrier, it is possible that the environment becomes suitable for other bacteria to settle in the
stomach, which may lead to different degrees of interactions between the host, H. pylori, and
other bacteria. Bik et al. [27] categorized various bacterial phyla in the human stomach. The
biopsy samples used in the study by Bik et al. were from subjects that were tested to be H. pylori
positive, but not clearly associated with gastric cancer.

In this project, we aimed to utilize and refine the method of the next generation RNA sequencing
data analysis process to analyze a sample with both host (human) and pathogen (H. pylori and
other species) cells simultaneously. We traced the signature changes of gene expression in H.
pylori strains from the first three disease stages. Also, we investigated the presence, diversity,
and abundances of other bacterial genera in the stomach samples, to see if any genera other than
H. pylori colonized the mucosa, and if any genus is correlated with H. pylori.

Objectives
There were three objectives in this study:
1. Quality control of the sequencing data obtained for downstream analysis.
2. Create H. pylori differential gene expression profiles in first three stages of gastric cancer
development.
3. Observe the bacterial diversity and abundance for genera other than Helicobacter
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Materials and Method

The project consisted of three objectives, and for each objective different tools were utilized,
which best fit the purposes of each part of the study. A flowchart summarized the overall project
sections and steps is shown in Fig. 1.

RNAseq data source and DNA extraction data

Patient biopsy specimens came from Lenin-Fonseca Hospital in Managua, Nicaragua, through
collaboration with Dr Lawrence Paszat, University of Toronto, where the patients were suffered
from different types of Helicobacter pylori-associated gastritis and the first two of the pre-
cancerous stages of gastric cancer development. From each subject, RNA was extracted from
one biopsy of the corpus part (the main body part) of the stomach, and prepared for sequencing.
Patient distributions and other details are summarized in Table 2.

Table 2. RNA sources in control and early stages of gastric carcinoma. Antrum Gastritis and Pan-
gastritis, in the respective order of increased disease progression, belongs to different phases of the
inflammation, not pre-cancerous stage. Corpus atrophy without and with metaplasia, in the respective
order of increase disease progression, belongs to the pre-cancerous stage (Kaisa Thorell, personal
communication).

Subject group Years of age
. Median 44
Hp-negative controls

Max 54
n=6 Min 23

Sample symbol: MIN Women 50%

Antrum Gastritis Median 335
=6 M:.:\x 58
Min 27

Sample symbol: HA Women 67%

Pan-gastritis Median 325
Max 44
n=6 Min 24

Sample symbol: HP Women 100%
Corpus atrophy without metaplasia Median 44
Max 66
n=7 Min 27

Sample symbol: CA Women 57%
Corpus atrophy with metaplasia Median 47
Max 57
n=5 Min 38

Sample symbol: IM Women 80%
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For most of the subjects, two H. pylori strains, one from the corpus and one from the antrum part
of the stomach have been cultured for DNA extraction and whole-genome sequencing. The
intended aim was that each patient would have its uniquely-derived H. pylori reference genome.
However, from some individuals it was not possible to culture any H. pylori isolate resulting in
that 10 of the patients lacked a personal H. pylori reference genome. The basic information of the
samples is indicated in Table 1. For each sample, a paired-end sequencing approach was applied,
such that each read-pair would be more specific in downstream alignment. The sequencing was
run at the Genomics Core Facility, Sahlgrenska Academy, Gothenburg, and draft genomes were
assembled de novo and annotated using an in-house pipeline.

H. pylori genome sequencing and data analysis were not part of this thesis project. The project
proceeded from and focused on two RNAseq data sets acquired from two rounds of sample
preparations pipeline. The main difference between the two rounds is that in the libraries from
the 1st round sequences with poly-A tails have been retained, while the 2nd round libraries have
been poly-A tail-depleted.

The H. pylori reference genome sequences [28] were used for mapping the RNAseq data from
each particular individual to his or her H. pylori strains. Sequences in each sample have two
reads for pair-end alignment. All sequences were processed on the Chalmers Centre for
Computational Science and Engineering computer cluster at Chalmers University of Technology.

Bioinformatics analysis
Details of important parameters used for different tools are described in following sections.
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Sequence Quality Control

Sequence quality control was done utilizing the Trim Galore! software (Ver. 0.3.3, Babraham
Institute) [29] and Prinseq [30].

Trim Galore! was used for quality trimming, adapter trimming, and length trimming.

Quality Trimming Trim Galore! determines where to trim a sequence by subtracting the
indicated quality score from all base pair, computing partial sums from each base pair to the end
of the sequences, and then cutting the sequence at the base pair where the partial sum is minimal
[29]. Instead of the default Phred score 20, the tool parameter -quality was set to 30 to further
ensure better sequence quality.

Adapter Trimming  lllumina-adapters that can potentially be left in the dataset while
generating the DNA library were removed by providing the reference adapter sequence
AGATCGGAAGAGC, with matching error rate 0.1 (10%), and stringency 1. "Error rate™ is the
proportion of mismatches allowed by Trim Galore! when comparing a sequence to the provided
reference adapter sequence. If the proportion of mismatches is below the error rate, that sequence
is considered as an adapter sequence. Error rate at 10% allowed 10% of the adapter sequence to
be mismatched (i.e. 1 bp for the provided reference adapter sequence) and still be considered as
an adapter match. Stringency, which dictates how strict Trim Galore! considers a sequence as an
adapter, only came into effect at the 3' end of the sequence. In addition, "Stringency" directs how
strictly Trim Galore! searches for an adapter sequence at 3' end of a read. If the number of
overlapping base pairs (bp) between the reference adapter sequence and the 3' end of a read
reaches the stringency value, the overlapping portion of the read is considered as an adapter
sequence. Stringency 1 indicated that if 10% of bp the adapter provided (in this case, 1 bp, the
first A) matched at the end of the sequence under process, that bp of sequence was trimmed.

Length Trimming After quality trimming, sequences with length under 30 bp were removed.
Two tool options, --paired and --retain-unpaired were utilized. The --paired option directed the
tool to keep track of the sequences in pairs, and the --retained-unpaired option came into effect if
after adapter trimming, one of the reads becomes less than 30 bp and thus removed, then the
other read of the pair would be retained and assigned as an unpaired sequence.

Prinseq was introduced later in the project to remove sequences of low-complexity. Within
Prinseq, the DUST approach was adopted, which is the same algorithm that is used to mask low-
complexity regions during BLAST search preprocessing [31, 32]. By setting the DUST threshold
to 7, which is the same as in BLAST searches using default settings, low-complexity sequences
from all samples were removed.

Sequences processed by Trim Galore! and Prinseq were considered “cleaned”, and were used as
the input for downstream analysis.
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H. pylori Gene Expression Study

Reference construction and Sequence Alignment

The alignment tool STAR [33] was used. The tool allows the user to construct a genome
reference by using the parameter -genomeGenerate and a sequence file provided by the user.
Under normal alignment mode, sequences were aligned to the specified database.

Among the 30 samples, 20 had at least one available H. pylori reference genome derived from
the same subject. These reference genomes were used to construct individual databases, and
sequences of these 20 samples were aligned to the individual reference genome. A larger H.
pylori genome reference database was constructed by combining all 20 available H. pylori
genome references. The constructed large genome reference was used as reference for the rest of
the 10 samples that did not have a H. pylori genome reference.

Sequence Counting and Differential Expression Analysis

Samtools [34] was used to prepare alignment results into proper format for counting by HTSeq-
count [35], which annotated and counted the number of sequences aligned to each specific gene.
Low gene counts were observed in the preliminary results for samples with reference genomes.

Upon investigation, it was found that within a sample, in some cases, counts of different entries
actually corresponded to the same gene. Thus, in order to obtain the correct count for a gene,

UClust [36] was utilized to construct clusters of homologous genes from different strains, using
all available H. pylori reference genome contig files. Genes that were 80 percent identical at the
nucleotide level were clustered together. Previous tests have shown that using 80 percent as
cutoff would give a balance between including a sequence into an existing cluster and forming
new clusters (Kaisa Thorell, personal communication, data not shown). Counts of different genes
from one cluster within a sample were combined. This approach also indirectly solved the low
count issue, as the combined counts were abundant enough for statistical analysis.

Clustering of homologous genes also resolved another issue raised for samples without an
individual H. pylori reference genome. Because the database was a collection of 20 smaller
references, it is possible that there are multiple reference entries of the same gene. In the
alignment, a read could thus potentially align to any one of the homologous entries in the
reference. Counts of sequences from one sample mapped to different homologs of the same gene
were therefore combined and the sum of them considered as the count for that one gene of that
sample. The counts of sequences belonging to the same clusters were then summed together to
obtain the total count of that gene. Several Perl scripts (Five Supplement Perl scripts, Hp__
cluster_member.pl and Hp_sample_cluster.pl for samples with reference genome, and
Hp_noRef _cluster_member.pl, Hp_noRef _sample_cluster.pl, and Hp_noRef_format.pl for
samples without reference genome) were written to properly combine the counts, annotate the
gene, and output the results in desired format.
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Clustering for samples without H. pylori reference genome is illustrated in the following
hypothetical example: Through UClust, entry 2 of reference genome of CA2, entry 3 of reference
genome of HA3, and entry 4 of reference genome of HP4 are determined as homologs of gene
ABB. For sample CA6, which does not have a reference genome, after alignment by STAR and
counting by HTSeq-count, 10 sequences were aligned to entry 2 of reference genome of CA2, 20
sequences were aligned to entry 3 of reference genome from HA3, and 15 to entry 4 of reference
genome of HP4. Thus, for sample CA6, gene ABB has a raw total count of 45.

To simplify the analysis, raw total counts of the same gene in both poly-A retained and poly-A
depleted sample sets were combined. The obtained combined raw counts were used as input for
an internally developed tool to generate “spot plots”, and for the R packages DESeq [37] and
edgeR [38] for further differential expression analysis.

Based on the review by Dillies et al. [39], rather than the common practice of normalization is by
reads per kilobase per million mapped reads (RPKM) and total count, the R packages
DESeq/edgeR has the most accurate algorithm to determine if a gene is differentially expressed.
According to Dillies et al., for normalization by RPKM, no clear relationship has been
established and between gene length and differentially expressed level, which could vary
between different data sets. As for normalization by total count, it failed to consider that different
biological samples may have different gene expression profiles, and it can be influenced easily
by small number of high-count genes. In their tests, DESeq and edgeR have the most robust
model that takes library size and variations of the data set into account.

DESeq [37] is built based on negative binomial distribution, with means and variances linked to
the local regression of the data set analyzed. Each sample is first normalized by a factor, making
them comparable to each other. Each gene of a sample is then assigned a dispersion value.
Following that, instead of the normal logarithmic transformation, data set is transformed in
consideration to stabilizing the variance and dispersion. Finally, distances of each sample are
calculated, and a dendrogram and a heat map can be constructed based on the distance. In this
project, DESeq is used as a means of sample clustering based on expression profile.

In edgeR, the data set was first selected such that only genes with at least one count per million
reads (cpm) in at least three samples were included. The data set then goes through a series of
normalization steps based on dispersion, library size, and other factors that may affect the
variation of the data. Finally, differentially expressed genes (by stage and by clustering, see
Results and Discussion) were determined by calculating the adjusted P-values. Specific details
on how edgeR performed such process can be found in edgeR user manual section 2.8 [38].
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Bacterial Genera Diversity and Abundance Study

In practice, 16S rRNA is used as the standard for bacterial species identification. Reads
corresponding to the 16S rRNA gene were extracted from the RNAseq data with the Metaxa
software (version 2.0) [40, 41] for bacterial genus identification. Genus annotation was done by
an internal database, based on the high-quality SILVA database, release 111 (July 2012), which
consists of small-subunit ribosomal RNA (SSU rRNA) sequences from the Bacteria, Archaea
and Eukaryota domains [42]. A Perl script (Supplement script, metaxa_taxocp.pl) was written to
count the rRNA sequences and annotate them at the genus level within each sample, and another
Perl script (Supplement script, metaxa_heatmap.pl) was written to summarize all counts of all
genera across all samples.

To simplify the analysis, raw counts of the same genus in both poly-A retained and poly-A
depleted sample sets were combined. The combined genera counts were used as input to generate
a "spot plot", and for T-test and correlation studies between H. pylori and other bacteria genera.

MEDUSA [43] was another tool that was originally used to obtain gene expression profiles by
different bacterial genera. Sequences were aligned and annotated by an internal database built
according to a cluster of species based on 40 universal, single-copy phylogenetic marker genes
[44]. Genus was chosen as level of annotation. This method was withdrawn towards the end of
project because of a lack of confidence in the output of the method.



Page |14

Result and Discussion

1. Sequence quality control

1.1  Trim Galore! Parameter Test and Application Results

Because all results from this project were based on RNA sequences transcribed into cDNA, the
quality and accuracy of the sequences were of high importance. All sequences were first run
through a quality check before alignment. Three criteria were assessed with the tool Trim Galore!
to ensure sequence quality: base-calling quality, adapter-sequence trimming, and sequence length,
in steps of this order.

The relationship of base-calling and quality score, the Phred score, was proposed by Ewing and
Green (1998) [45]. To ensure good quality in this project, a Phred score of 30 was chosen, and
the part of sequences below this cutoff was trimmed by Trim Galore!.

For the second criteria, adapter-trimming, a preliminary test of the effects of the parameters were
performed on three test samples before application to all samples. The tested parameters were
"reference adapter sequence”, "error rate"”, and "stringency". Figures 2 and 3 show the result for
one of the test samples with different lengths of reference adapter sequence, error rate, and
stringency. The results showed that while error rate and length of reference adapter did not have
much influence on processed read percentages and trimmed bases percentages, stringency had a
more significant influence. While holding the other two parameters constant, at lower stringency
(i.e. more strict), Trim Galore! processed 30% more reads than it did with higher stringency (i.e.
less strict). However, when comparing the percent of bp trimmed, the differences were small
(<1%). Even though at low stringency (more strictly) a lot more sequences were processed, the
actual percentage of bp trimmed were similar, if not the same. Thus, at low stringency, the extra
processed sequences had low numbers of bp trimmed and contributed very little to the overall
percentages of trimmed bp. Results from the other two test samples showed similar observations.
Upon consideration, the following parameters were set for Trim Galore! and applied to all
samples: a) provide a short length of adapter sequences (13 bp), b) error rate 0.1 (10%), and c)
stringency 1 (1 bp, more strict). This set of parameter settings turned out to be the same as the
default parameters of Trim Galore!.

Sequence length was the last criterion in the sequence quality check. It is possible that sequences
become short after the previous two criteria, and short sequences were undesirable in this project
as their alignments could be non-specific. Therefore, sequences with length less than 30 bp were
discarded from further analysis.
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Figure 2. Trim Galore Parameter Test, Trimmed Reads. Different combinations of three parameters
and their effects on the sequences. X-axis (from top to bottom): Read label, stringency, error rate. R1:
sample round with poly-A retained. R2: sample round with poly-A depleted. Y-axis: Percent of input base
pairs trimmed. Long adapter: 64 bps; short adapter: 13 bps. Stringency has a more pronounced effect on
how sequences were processed error rate or length of adapter.

TG Parameter Test (Sample 1) Trimmed Base Pairs
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Figure 3. Trim Galore Parameter Test, Trimmed Base Pairs. Different combinations of three
parameters and their effects on the sequences. X-axis (from top to bottom): Read label, stringency, error
rate. R1: sample round with poly-A retained. R2: sample round with poly-A depleted. Y-axis: Percent of
input base pairs trimmed. Long adapter: 64 bps; short adapter: 13 bps.

Figure 4 shows the mega-bases of processed reads from both sample sets when sequences from
all 30 samples were processed by Trim Galore! with the above-mentioned parameters. Both
rounds showed approximately 45% processed reads, and approximately 4.5% of input bases were
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trimmed. The data also showed a similar trend as seen in the test samples; while there was a high
percentage of processed reads, a comparatively small percent of base pairs were trimmed.
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Figure 4. Trimmed data from both rounds. x-axis: sample; y-axis: million base pairs.
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1.2 Preliminary MEDUSA Result and Introduction of Prinseq

A further problem regarding quality control of the data was discovered when the trimmed
sequences were aligned to a bacterial database for bacterial species abundance using MEDUSA.
High counts of sequences were annotated as derived from the genus Cyanothece (data not
shown), which belongs to the Cyanobacteria. Further investigation was conducted, and we found
that these sequences were not only wrongly annotated by MEDUSA, but a considerable number
of them were also of low-complexity, such as poly-T, poly-A, or triplet repeats. While Trim
Galore! was able to trim away low quality sequences, remove adapter sequences, and discard
sequences that were shorter than 30 bps, it did not consider sequence complexity. When aligning
to a reference, low-complexity sequences could align to another low-complexity sequence entry
in the reference library by chance, giving false-positive counts, increased overall uncertainty and
inaccurate results. Therefore, all sequences that were processed by Trim Galore! were used as
input to Prinseq, another tool that can remove low-complexity sequences.

Figure 5 shows the percent distribution of bases in percent of total reads and bases retained after
each set of samples had been processed with Trim Galore! and Prinseq, and Figure 6 shows the
comparison of the samples before and after processing by Trim Galore! and Prinseq. The
resulting sequences were thus considered as the "cleaned" sequences, and were used as the final
input data sets for downstream studies of this project.

% Distribution of Reads and Bases
Retained After TG and Prinseq Processed
100%
*

95% = —
90%
85%
80%
75% T [
70%
65%
60%
55%
50%

‘ Read Base ‘ Read Base ‘

‘ Poly-A Retained ‘ Poly-A depleted ‘

Figure 5. Box plot of distribution of reads and bases retained after processing by Trim Galore! and
Prinseq
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Figure 6. Comparisons of bases before and after samples were processed by Trim Galore! and

Prinseq.
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The problem of low-complexity sequences contaminating the sample pool was indirectly
discovered after suspicious results were obtained by using Trim Galore!-processed sequences as
input to MEDUSA. After the processing by both Trim Galore! and Prinseq, an average of 97.60%
of reads (77.83% of bps) and 98.71% of reads (72.61% of bps) remained in poly-A-retained and
poly-A-depleted sample sets, respectively. In average, approximately 2.5% of reads and 25% of
initial sequence bases were removed because of failure to pass the four criteria controlled by

Trim Galore! and Prinseq. With these sets of sequences, we were confident that the sample
sequences should provide more accurate sequence counts when aligning to various databases in

our study.

The wrongly annotated Cyanothece sequences were the reason that we were able to identify the
problem of low-complexity sequences contaminating the samples. Thus, sample sequences after
processing by both Trim Galore! and Prinseq were again aligned to the database internal to
MEDUSA for verification. A lower count of sequences than before was still annotated as
Cyanothece by MEDUSA. Investigations of these sequences by BLAST revealed two findings: a)
low-complexity sequences were removed by Prinseq as intended, and b) these sequences were
highly similar to genes from human, chimpanzee, and various genera of monkeys (result not
shown). While our projected use of MEDUSA was for bacterial species annotation, abundance
study, and gene expression, the wrongly annotated species counts led to questioning the count
results for other bacterial genera. It would take a considerable amount of effort and time to verify
the credibility of the results, and because of the time limitation of this project, this part of the
method and results obtained were suspended from this project until further analysis.

2. H. pylori Gene Expression Analysis

2.1  Distribution of Read Alignment
The combined raw counts of H. pylori genes were gathered (Supplement file, combined raw
counts.xIsx).

According to sample collection data and patient medical records, IM3, IM5, and all the MIN
samples should be H. pylori negative. While it was expected that the total counts in samples for
IM3 and IM5 would be low compared to other IM samples, MIN6 showed substantially higher
counts compared to other MIN samples. As indicated in Table 2, all MIN samples were
designated as control group. Along with medical records, host gene expression data also
confirmed the absence of H. pylori in MING (Kaisa Thorell, personal communication). Further
investigation will be needed to explain why such contradictory results were observed.

The combined raw counts were then used as input to generate a spot plot based on different
disease stages (Supplement file, combined_count_stage.pdf). For this spot plot, the combined
raw counts (without normalization) were sorted by median value from highest to lowest. For a
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gene to be included, it had to be present with at least 50 counts in one sample type. The values in
the figure are log10-transformed. The graph was used to visualize total reads that are aligned to
H. pylori genes. A total of 1563 genes were annotated in this study. Some of the genes found in
high abundance in H. pylori-positive stages were expected, such as ureB, which has been found
by Tsuda M. et al. [46] to produce ammonia by ureolysis to increase the gastric pH and thereby
providing an environment permissive for colonization of the stomach. For most of the genes,
however, there was no significant difference in expression between different stages.

2.2  Differentially Expressed Genes by Stage

We further investigated if certain genes were differentially expressed in certain stages using
edgeR (Supplement R script, Hp gene DE by stage .r). Twenty-two samples were separated into
four groups: CA, HA, HP, and IM, where IM consisting IM1, IM2, and IM4, excluding H. pylori
negative subjects IM3, and IM5 and the MIN samples. Each of the four different sets, indicating
different disease stages, was compared to all of the other sets for differentially expressed genes,
and the p-values were corrected for multiple testing using a FDR of 5 %. Table 3 shows the
genes that were differentially expressed in different combinations of the sample sets (adjusted p-
values < 0.05).

Table 3. Differentially expressed genes by Stage. Only comparison sets with differentially expressed
genes were included.

Adjusted CAVs. CAvs. HP Gene Name Function Ref
p-value HA
May relate to
0.0447 hopA outer membrane protein antibiotic [47]
resistance
: : NCBI
0.0258 G1:384894769 | outer membrane protein [48]
attenuate
bacterial
0.0235 hopQ outer membrane protein | adhesion to [49]
gastric
epithelial cell
0.0235 sabB outer membrar_1e protein, [50]
adhesin
0.0226 sabA outer membrane protein [51]
0.0356 G1:385218653 hypothetical protein NCBI
0.0235 GI:384891720 | Adenine-specific DNA NCBI
methyltransferase
0.0235 Gl:308184263 |  Pe !l restriction NCBI
endonuclease
Peptic
0.0343 cagB ulceration [52]
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The gene names and functions of the genes in Table 3 were gathered manually through NCBI
and the sources indicated. No differentially expressed genes were found between HA and HP, IM
and HA, IM and HP, or IM and CA at adjusted p < 0.05. Most of the genes listed in Table 3 are
outer membrane proteins, although their specific functions are not known. Between CA samples
and HA, gene hopA was the only one found to be differentially expressed. In the study by Exner
et al., HopA belongs to a family of porin proteins that consists of 32 members. It is a homolog to
HopB, -C, and -D for their high degree of homology at N-terminus, and may be related to
antibiotic insensitivity of H. pylori because of the size of the porin [47]. Between CA samples
and HP samples, the cagB gene was found to be differentially expressed, which has been found
to be related to clinical observation of peptic ulceration [52]. In terms of gastric cancer
development, CA samples were from patients with corpus atrophy without metaplasia, the first
pre-cancerous stage of gastric cancer development, while HA samples are from patients with
antrum gastritis, the inflammatory non-cancerous stage. Thus, it is logical to find cagB as one of
the differentially expressed genes, which could be one of the main factors aiding the progression
of cancer development. Other methods or approaches, such as real-time PCR, could be utilized to
further confirm if these genes are differentially expressed.

2.3 Sample Clustering by DESeq

When separating the samples by disease stages, 9 out of the 1563 genes annotated were found to
be differentially expressed. This proportion is quite small and we therefore took another
approach by clustering samples together to form groups based on the expression data. The 23
samples were separated into five different groups: CA, HA, and HP samples, IM (IM1, IM2, IM4
only), MIN (MING6 only), and then input to R packages DESeq (Supplement R script, Hp genes
by clustering .r). Through DESeq, the counts were first normalized to the library size and
dispersion according to an algorithm implemented in R, and then transformed such that the
counts between samples became comparable. A dendrogram and heat map was constructed
(Figure 7) to show the sample-to-sample similarities and dissimilarities. Based on the
dendrogram on the top of the heat map, samples were clustered into four groups, designated as
G1 to G4 (as marked in Figure 7). The clustering of samples by DESeq, however, was
unexpected as samples from different stages were grouped into same clusters. There does not
seem to be a pattern that can be easily explained by the patient data as to how the samples were
clustered. When comparing to medical records, no obvious relationship or pattern was found.

The observed result could be a possible reason why not all patients infected with H. pylori
develop into gastric cancer. In a relationship study of H. pylori and development of gastric
cancer by Uemura et al. [53], 2.9 percent of infected patients developed into gastric cancer.
Other than the current means of determining the development stage of gastric cancer, there could
be other factors involved. Another way of interpreting the clustering could be, for example, that
patients in group G2 could develop hyperplastic polyp or other H. pylori-associated diseases.
These are possible point of interest for future studies.
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Figure 7. Dendrogram and Heatmap of selected samples generated by DESeq. Color scale: Green -
highly similar, Red - highly dissimilar).

2.4  Differentially Expressed Genes by Cluster

To further investigate the possible underlying factors as to why samples were clustered as
observed, each of the four groups were compared to each other for differential gene expression
analysis (adjusted P-value < 0.05, Table 4).

The lists of genes found to be differentially expressed between each compared pair of sets are
shown in Table 4. The names and functional information were gathered from NCBI and Uniprot
[54]. A total of 11 genes were found to be differentially expressed between G2 and G1, 28 genes
between G3 and G1, and 48 genes between G4 and G1, and 1 gene between G3 and G2. As can
be observed from Table 4, the 11 differentially expressed genes found in the G2 vs. G1 set were
included in the G3 vs. G1 and G4 vs. G1 sets. Thus, these genes are separating out G1. The result
is depicted in a Venn-diagram (Fig. 8).
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It was interesting to find that, in the original combined raw counts, most of these 11 genes have
high counts in CA6, CA8, and MING, the samples that made up G1, while they had very low to
zero count in other samples. This is likely why the three samples that constituted G1 stands out
from the other samples and groups, although medical records and sample collection data do not
show any apparent patterns that can explain why these data were obtained in the first place. A
similar pattern was observed for the differentially expressed gene, amiF between G3 vs. G2. The
combined raw counts of amiF for the samples in G3 were at least 250, while for the samples in
G2 those counts are around 5.

Table 4. Differentially expressed genes by cluster (adjusted P-value < 0.05). No significant
differentially expressed genes were observed for G4 vs. G2 and for G4 vs. G3.

Group Gene Name and Function
G2-G1 G3-G1 G4-G1 G3-G2
. Formamidase; nitrogen
amiF .
metabolism
adhA adhA adhA NADP-dependent alcohol
dehydrogenase

G1:386752873

Gl1:386752873

Gl1:386752873

outer membrane protein BabA

G1:383749638

G1:383749638

G1:383749638

hydantoin utilization protein A

iron-regulated outer membrane

frpB-4 frpB-4 frpB-4 orotein FrpB4
alpA alpA alpA adhesin
G1:385220482 |  GI:385220482 G1:385220482 acetone carg:);rﬁase subunit
alpB alpB alpB adhesin
atpC atpC atpC ATP synthase epsilon chain

G1:384887859

G1:384887859

G1:384887859

outer membrane protein - adhesin

G1:188527456

G1:188527456

G1:188527456

N-methylhydantoinase

G1:410681696

G1:410681696

G1:410681696

cell binding factor 2

tpx

tpx

Probable thiol peroxidase

G1:410024402

G1:410024402

hypothetical protein C695 06065

G1:470165464

G1:470165464

NADP-dependent alcohol
dehydrogenase

mrp

mrp

Protein mrp homolog

G1:425789475

G1:425789475

blood group antigen-binding
adhesin BabA

horF

horF

outer membrane protein HorF

ceuk2

ceuk2

putative iron 111 ABC transporter

G1:385223768

G1:385223768

hypothetical protein
hp2017 0703

G1:384897372

G1:384897372

hypothetical protein
HPLT_03295
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beta-ketoacyl-acyl-carrier-protein

fabF fabF synthase Il
hyuA hyuA hydantoin utilization protein A
hpaA-3 hpaA-3 Flagellar sheath adhesin

G1:470165692

G1:470165692

putative outer membrane protein

G1:385222132

G1:385222132

hydantoin utilization protein A

G1:385232308

hypothetical protein
hp2018_1368

sabB

outer membrane protien, adhesin

cag7a

cag pathogenicity island protein

G1:385216481

hypothetical protein HPF32_1214

G1:384894268

acetyl-CoA acetyltransferase

hopL

outer membrane protein HopL

G1:410682428

iron-regulated outer membrane
protein

G1:254779322

N-methylhydantoinase

Gl1:386752973

hypothetical protein
HPSH169 05145

G1:384890610

hypothetical protein hp908_0239

pPaqE

putative zinc protease

G1:385224208

Amino acid ABC transporter
binding protein

G1:108562506

hypothetical protein
HPAG1 0081

G1:298736307

hypothetical protein HPB8_ 812

uppS

Isoprenyl transferase

G1:384895015

putative saccharopine
dehydrogenase

G1:385224986

hypothetical protein
HMPREF0462_0344, partial

G1:386751046

NAD(P)H-flavin oxidoreductase

G1:385228016

oligopeptide permease integral
membrane protein

G1:385229207

hypothetical protein
HPPN120 07560

cobalt-zinc-cadmium resistance

czcB protein, CzcB family
thiol:disulfide interchange protein
dshC DsbC
G1:298736078 mterferon-mdug:ed GTP-binding
protein Mx2
G1:384889621 Trichohyalin

G1:386756551

iron(111) ABC transporter
periplasmic iron-binding protein

algC

phosphohexosemutase
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Figure 8. Venn diagram. Number of differentially expressed genes were indicated when different groups
were compared.

In summary, nine genes were found to be differentially expressed when samples were separated
by disease stages, and 52 genes were found to be differentially expressed when samples were
clustered into groups by DESeq. In terms of gene functions, most of the differentially expressed
genes found appear to be part of metabolism or cell-structure required for H. pylori, except for a
few (e.g. cagB) that were known to cause ulceration [52] The genes found could potentially be
used for future studies of pathways, such as the pathway in which the CagB protein is
synthesized and secreted in disease stages, or other medical diagnosis and treatment applications.

3. Bacterial Genera Diversity and Abundance Study

The combined raw counts were normalized to counts per million reads. A conservative cutoff of
median count of at least 0.1 counts per million reads was used to select genera with sufficient
counts for analysis and remove genera that were identified by Metaxa2 due to misclassifications
or noise. Including Helicobacter, 19 genera were included as shown in Fig 9.

It was expected that H. pylori had the highest counts in samples that were reported to have H.
pylori present. Of the 18 non-H. pylori bacteria genera, 11 have been documented in previous
literature (Table 1). The finding of certain genera could be associated with H. pylori, while some
were somewhat peculiar. For example, Rothia has been reported as one of the dominant species
found concurrent with H. pylori in patients with upper gastrointestinal diseases [55]. On the other
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hand, Deinococcus, which is previous reported by Bik et al. [6], is known for its high resistance
to radiation; surviving more than 1000 times higher doses than humans [56].

Contrary to patient medical record and sample collecting data, H. pylori seem to present in all
samples, including samples from patients that were determined as free of H. pylori. On the other
hand, literatures have reported H. pylori as the major species that constitutes the normal flora in
the stomach [57]. Whether H. pylori as a member of normal flora in the stomach could be a point
of interest in future studies.
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Figure 9. Bacterial genera spot plot. Genera with at least 10 counts per million in at least one sample
were included. Genera previously documented to be residing in the stomach are highlighted.

The counts in the 30 samples were log10-transformed. Based on the log-transformed counts of H.
pylori in each sample, a cutoff of two (corresponding to 100 H. pylori 16S rRNAs per million
reads) was selected, and the 30 samples were separated into two sets, H. pylori-absent (7 samples,
MIN1, MIN2, MIN3, MIN4, MIN5, IM3, and IM5), and H. pylori-present (23 samples). A two-
tailed Student’s T-test, assuming unequal variance, was performed within each of the 18 genera.
The result of T-test is shown in Table 5. The T-test result indicates the likelihood that the
abundance difference between two sets would occur by random. Using Acinetobacter as an
example, the T-test result shows there is a 17.14% chance that the abundance difference between
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H. pylori-present and -absent sets would occur by random selection. Thus, at confidence level P
< 0.05, the presence or absence of H. pylori does not have a significant effect on the abundance
of Acinetobacter. The T-test result showed that Wolinella, Campylobacter, and Veillonella have
a significant association with the presence of Helicobacter.

In addition to the T-test, the Pearson correlation was calculated between the transformed counts
of H. pylori in all 30 samples and the transformed counts of the largest genera in all 30 samples.
The results in Table 5 shows the relationships of total abundance of H. pylori to that of the
selected genus. The correlation result of Wolinella, Campylobacter, and Veillonella indicated
that the total abundances of each of these three genera were related to high abundance of H.

pylori.

Both the T-test and the correlation pointed out that, while most of the genera were unaffected, H.
pylori seemed to have a relationship with Wolinella, Campylobacter, and Veillonella. This
observation suggests that the colonization of certain genera could be affected, including but not
limited to the three genera observed, as the micro-environment in stomach is altered by H. pylori.
On the other hand, it could also be that H. pylori is associated with these genera. Studies has
shown that bacteria in the stomach could protect the host from H. pylori, which could be a reason
why not every patients infected with H. pylori developed ulcer and other diseases [58]. This is an
example showing the dynamic interactions between host, H. pylori and non-H. pylori bacteria in
the micro-environment in the stomach.

Table 5. Genus T-test and Correlation to H. pylori. Student’s T-test, two-tailed, assuming unequal
variance. Genera were sorted by correlation value from highest to lowest.

Genus T-Test Correlation Genus T-Test | Correlation
Helicobacter 0.00159 1.00 Gemella 0.531 0.137
Wolinella 0.0304 0.517 Acinetobacter 0.469 0.117
Campylobacter 0.0183 0.506 Staphylococcus 0.060 0.0751
Veillonella 0.0204 0.333 Propionibacterium 0.324 -0.00413
Prevotella 0.117 0.228 Acidovorax 0.988 -0.0116
Streptococcus 0.084 0.226 Micrococcus 0.119 -0.0520
Rothia 0.158 0.206 Enhydrobacter 0.021 -0.0562
Haemophilus 0.365 0.176 Pseudomonas 0.379 -0.0722
Neisseria 0.296 0.174 Corynebacterium 0.722 -0.0984
All other 0.664 0.163 Escherichia-Shigella 0.396 -0.174
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Considerations and Future Study

A method study comparing Trim Galore! and Prinseq could be of interest in future study. The
question of low-complexity sequences was not considered until suspicious results were obtained
from MEDUSA, and Prinseq was introduced as a complement to Trim Galore! to further ensure
high sequence quality. The question arose whether Prinseq can perform quality, adapter, and
length trimming similar to what Trim Galore! performed, thus simplifying the procedure. Upon
researching, we found that Prinseq could potentially perform similar tasks, although the degree
of freedom in controlling specific parameters still remains uninvestigated.

For the H. pylori gene expression study, one should consider the half-life of RNA. Between the
time a patient was sampled and the sequencing was performed, there are possibilities that a
considerable amount of RNA have degraded, as RNA is more unstable and its half-life is much
shorter than that of DNA. For this project, the biopsy samples were put in the commercial
package RNAlater [59], using liquid-nitrogen as a mean of protection such that degradation
should be minimal. However, it is possible that samples can still undergo degradation. On the
other hand, the overall RNA-Seq technique is similar to taking a "snapshot™ at the time the
stomach mucosa was being sampled and sequenced. Given the relatively small sample sizes in
each disease phase in this study, the variation of RNA over time could be greater than the
temporal changes observed. Therefore, the experiment could produce different results if the
sample sizes for different phases were larger than in the present study. Additionally, data
obtained contained sequences only from the first two stages of gastric cancer. It would be of high
interest to follow the disease development of the patients and getting samples that include all
four stages of the disease. More detailed H. pylori gene expression profiles from all stages of the
diseases could be valuable for future medical diagnostic and treatment applications.

In this study, based on counts of rRNA, the abundance of three non-H. pylori bacteria genera
(Wolinella, Campylobacter, and Veillonella) were found to be correlated to the abundance of H.
pylori. While H. pylori seems to influence the colonization of other bacteria, colonization, and
thus genes expressed by other bacteria, could potentially influence genes expressed by H. pylori
as well, acting as an extra element that affect the progression of the disease. Thus, genes
expressed by non-H. pylori species could also be another aspect of future study.
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Conclusion

For sequence quality control, Trim Galore! was utilized, which can trim away adapters, remove
low-quality and too-short sequences, but does not consider complexity of the sequences. Prinseq
was used as a complement to Trim Galore! to deal with the problem, with the possibility that
Prinseq can covers all the criteria itself.

For H. pylori gene expression profile, a total of 1563 genes were annotated amongst the 30
samples. Based on the samples obtained, at P < 0.05, one gene (hopA) was shown to be
differentially expressed between patients with corpus atrophy without metaplasia and patients
with antrum gastritis, and eight genes (G1:384894769, hopQ, sabB, sabA,G1:385218653,
G1:384891720, G1:308184263, and cagB) were differentially expressed between patients with
corpus atrophy without metaplasia and patients with pan-gastritis. When samples are clustered
by gene expressions, samples from different disease stages were clustered together, indicating
that there might be other factors determines the development stages, or other linkages between
the samples of different stages. 52 genes were found differentially expressed when samples were
clustered by gene expressions.

Of the 322 non-H. pylori genera identified, 18 genera with high abundance in the stomach micro-
environment were identified, of which 11 were documented in previous literature. While most
bacteria colonize regardless of the presence of H. pylori, the genera Campylobacter, Wolinella,
and Veillonella seem to be associated with H. pylori (P < 0.05). Individual abundances of these
three genera were also correlated with the abundance of H. pylori.
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