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ABSTRACT

MicroRNAs (miRNAs) are small RNA molecules that play a crucial role in regulating gene
expression by binding to and degrading targeted mRNAs. miRNAs targeting a specific
mRNA have a region known as the “seed sequence”, which typically has a high affinity for
its complementary sequence in the targeted mRNA. Single Nucleotide Polymorphisms
(SNPs) are mutations that refer to the substitution of a single nucleotide. Alterations in the

Keywords : nucleotides of seed sequences can have a significant impact on the targeting strength
Pipeline between miRNAs and mRNAs, potentially resulting in dysregulation of genes, and causing
GC content various diseases, including cancers. It is crucial to assess the impact of SNPs will have on
miRNA nucleotides in specific seed sequences by gauging a common factor (e.g. GC content)
Motif reflecting the binding affinity.

Seed sequence GC content is an essential aspect in miRNA binding, since high GC content miRNAs are
TCGA frequently more stable, and may have a stronger affinity for their targets. To reveal the GC

content signature for cancer-associated miRNAs, we developed a bioinformatics pipeline
called GC4miRNA, which can calculate GC percentage enrichment in a sequence and
perform statistical analysis to compare the GC content between the seed sequence and
whole sequence for targeting miRNAs using customized BASH and R scripts. The pipeline
was implemented as an R Shiny application that carries out several tasks/modules, such as
measuring similarities between miRNAs whose dysregulation is linked to cancer and
identifying common patterns within miRNAs with greater GC content.

1. Introduction MicroRNAs (miRNAs) are small molecules that regulate
gene expression by targeting the 3’UTR region of genes. The
specific targeting relationships between miRNAs and mRNAs can
become incredibly complex because miRNAs can target multiple
mRNA, or multiple miRNAs might be needed to target one
mRNA [1]. The seed sequence of each miRNA is a region that
facilitates the binding between miRNA and mRNA. This binding

affinity is usually affected by the GC content of the seed sequence

The Cancer Genome Atlas (TCGA) is a project initiated by
the National Cancer Institute to characterize cancer-causing
biomarkers(https://www.cancer.gov/tcga) through the storage of
omics data. There are 33 cancer subtypes that have been studied
in the project. Much of this data has already been examined in
different aspects; however, there are still many areas that have yet

to be fully explored, particularly in the realm of miRNA.
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Single Nucleotide Polymorphisms (SNPs) are mutations that
alter a single nucleotide. In cancers, miRNA could undergo
mutations in their target sequences, or mutations could also affect
the 3 UTR of genes. Perfect base pairing between most of the
seed sequence and its target is often needed for functional miRNA
binding [3]. SNPs in seed sequences could disrupt the binding
affinity between miRNAs and mRNAs. Over the years, many
efforts have been made to elucidate the variations caused by SNPs
across individuals, such as the 1000 Genome Project [4].

Motifs are short nucleotide sequences which usually have
biological significance, such as acting as binding locations.
Existing tools, such as MEME [5], are commonly used to identify
motifs, which can then be analyzed for specific functions. So far,
many bioinformatics tools have been developed to identify motif
sites in the context of miRNA binding mechanisms using different
computational approaches.

There is an urgent need to develop bioinformatics tools and
methods to reveal the GC content signature for cancer-associated
miRNAs. In this project, we developed a RShiny application that
utilizes a pipeline of bioinformatics resources to calculate GC
content, characterize differential expression patterns of miRNAs,
perform statistical analysis for identified patterns, and determine
important motifs within miRNA sequences.

2. Experimental Methods

To create this pipeline, we aimed to use the following steps
to analyze the GC content signatures of the test dataset. The
workflow of pipeline is shown in figure 1.

Obtained a list of 207 gene-miRNA
pairs with anticorrelation and
opposite fold change for eight l

Ran a modified python script that
calculated the GC content
percentage for both seed and whole
sequences of miRNAs

@ python”
4

Wrote a custom r script to take in files
with GC content for miRNA consensus
and whole sequences, and performed
at-test between the GC content
values in both up and down categories

studied cancers

TCGAE

Identified motifs for the sequences
with a significant t-test result using
MEME, and compared those motifs
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Figure 1: Workflow of the pipeline to analyze GC content in seed sequences
1.1. Locate Seed Sequences of Cancer-Associated miRNAs

We downloaded a dataset from a previously published study
[6] that found 238 miRNA-gene pairs whose dysregulation was
associated with eight TCGA cancers. These pairs were initially
discovered using the miRNA target prediction tools targetScan
[7], targetProfiler [8], and miRanda [9], so these same tools were
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used with default parameters to find seed sequences for each
miRNA-Gene pair. To find seed sequences with targetProfiler, we
looked at the hairpin sequence that was generated, and recorded
the nucleotides that were in a row, and thus more likely to be the
seed sequence. Algorithm results could differ slightly in
nucleotide sequence and length, so we kept only the sequences
where at least two algorithms predicted the same result, or only
one algorithm predicted a result. We generated logos (example
shown in Figure 2) with WebLogo [10] for the consensus
sequences with positive and negative correlation coefficients in
tumor samples.
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Figure 2. Logo generated for Consensus Sequences with a negative correlation
coefficient for Head and Neck Squamous Cell Carcinoma (HNSC)

1.2. Retrieve miRNA 5p and 3p Sequences

We downloaded a file from miRbase [11] to find the
complete sequences of miRNAs within our dataset. In order to
efficiently search through this file for the relevant information, we
compiled a list of every unique miRNA within our data and found
the nucleotide sequence of the 5p and 3p strands of mature
miRNA, before processing it. In some cases, it was unspecified
whether the only given sequence was the Sp or 3p strand, so it was
categorized as “Unclassified”. (Supplementary Table 1)

1.3. Calculate Normalized GC content

In order to calculate GC content for our Consensus, 5p, and
3p Sequences, we employed VectorBuilder’s “GC content
Calculator” [12], which found GC content as well as the number
of G’s and C’s in each sequence. To speed up the process, we also
used a BASH script available in Github [13] that could calculate
GC content for all sequences within a FASTA file. Due to the
varying lengths of the seed sequences (6-8 nucleotides), we
developed a formula (eq. 1) to calculate normalized GC content
for each miRNA. When calculating normalized GC content for 5p
and 3p sequences, we disregarded unclassified sequences from the
total count of miRNAs.

#GCx100
#NC*#Total GC (1)
#miRNA

norm(GC) =

Formula for normalizing GC content of miRNA sequences. (Note: #NC is the
nucleotide count in that specific miRNA, #Total GC is the total number of G’s and
C’s for that specific kind of miRNA sequence in the cancer, and #miRNA is the
number of miRNAs that are associated with the cancer)

1.4. Identify Differentially Expressed miRNAs

Next, we utilized the dbDEMC database [14] of experimental
data to find whether the miRNAs we were examining were being
upregulated or downregulated within the cancers their
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dysregulation was associated with. We downloaded a file
containing all the experimental and expression information from
dbDEMC, before applying Unix commands to retrieve the
necessary information. We only kept experiments that analyzed
TCGA data, since our original pairs were selected by studying
TCGA datasets. Finally, we reported the differential expression of
miRNAs, as well as the experimental ID of the experiment where
the information was drawn from.

1.5. Calculate Statistical Significance of GC content in
Consensus Sequences

We created an R script to run a Student’s t-test on the GC
content between consensus and 5p sequences within groups with
different differential expressions for each cancer. We considered
any result with a p-value below 0.05 to be significant.

1.6. Identify Significant Motifs for Differentially Expressed
miRNAs

After finding out which 5p sequences had a significant
difference in GC content from their consensus sequences, we ran
MEME with default parameters to find the top three motifs of all
miRNA 5p sequences with a certain differential expression. We
considered any motif with an E-value below 0.05 to be significant.

2. Results
2.1. Identified Sequences of Mature miRNAs

We found mature sequences for all our miRNAs, but roughly
14 sequences had an unclassified rating, and were not included in
any of our mature-miRNA analysis. Although LUSC has the
highest proportion of unclassified miRNA sequences, there were
only four pairs within our study associated with LUSC. The
miRNAs associated with KICH had no unclassified sequences.

2.2. Calculated and Normalized GC content of miRNA Sequences

We reported that the average normalized GC content for all
mature miRNAs was similar between most cancers. The average
GC content for 5p and 3p miRNA sequences were very similar
(~5%). However, the average normalized GC content for
upregulated seed sequences was higher (by 4% or more) than
downregulated seed sequences for BLCA and THCA. In LIHC
and LUSC, downregulated miRNAs had average normalized GC
contents that were higher (by 3% or more) than upregulated
miRNAs. There was a less than 1% difference in average GC
content between the two groups for HNSC, KICH, and THCA.
Table 1: Average normalized GC contents of miRNAs for consensus, 5p, and 3p

sequences in investigated cancers, with the parentheses containing the averages
for upregulated and downregulated miRNAs only

Cancer | Average Average Average
normalized GC | normalized GC | normalized GC
content for content for S5p content for 3p
consensus sequences sequences
sequences

BLCA | 14.45% 4.89% 4.95%
(19.64%,12.94%) | (5.67%, 5.15%) | (6.04%, 4.62%)
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HNSC | 14.13% 451% 4.54%
(13.75%,14.65%) | (4.42%, 4.65%) | (4.14%, 4.72%)
KICH | 13.89% 4.55% 4.55%
(13.18%,13.23%) | (4.51%, 4.64%) | (4.67%, 4.70%)
KIRP | 13.98% 4.50% 4.52%
(15.04%,11.42%) | (4.60%, 4.39%) | (4.69%, 3.98%)
LIHC | 13.98% 4.48% 4.52%
(13.51%,16.59%) | (4.24%, 5.08%) | (4.35%, 5.27%)
LUSC | 14.29% 4.55% 4.61%
(13.45%,16.81%) | (4.41%, 4.81%) | (4.23%, 5.37%)
THCA | 13.78% 451% 4.57%
(13.99%,14.41%) | (4.39%, 5.52%) | (4.48%, 5.78%)
UCEC | 14.49% 451% 4.52%
(17.36%,13.30%) | (4.21%, 4.93%) | (4.56%, 4.44%)

2.3. Differential Expression and Gene Analysis results

We identified differential expression patterns based on
TCGA data for most of our miRNAs, and found that for most
cancers excluding THCA, there were more cases where miRNA
was upregulated or downregulated. To elucidate the functions of
the genes which these miRNAs were targeting, we used gProfiler
[15] and ClueGo [16] to find commonly enriched terms in each
cancer (Supplementary Table 2). In KIRP, three genes were
annotated by ClueGo which are involved within the process of
aldehyde metabolism. In LIHC, two genes: PRKCZ and ADCY4,
were reported to be involved in eight different pathways, such as
G-Protein, Relaxin, Chemokine, and Rapl signaling. SiRNA
knockdowns of PRKCZ have been known to decrease cancer cell
migration and invasion [17] and shown in figure 3.

] .
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Figure 3. gProfiler gene annotation result for LIHC, circled cluster contains
PRKCZ and ADCY4.

2.4. Statistical Analysis results

Our Student’s t-test confirmed the significance of the GC
content within all our miRNAs except for LUSC, which had only
4 miRNA sequences. Overall, the p-values were below 0.01 for
all cancers (Table 2), and the GC content difference between
consensus and whole sequences for upregulated miRNAs seemed
to be more significant than downregulated ones in most cancers,
possibly indicating that upregulated miRNAs were more enriched
with GC content within their seed sequences, though this needs
further testing on a much larger scale. For KIRP, a very significant
p-value could be due to its bigger sample size (more than 40
miRNA-gene pairs).
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Table 2: T-test statistics (p-value for seed sequence of miRNA when compared to
the whole sequence)

Cancer Up Down
BLCA | p-value =0.008733 p-value = 0.005622
HNSC | p-value = 3.059¢-06 p-value = 5.553e-06
KICH | p-value =5.52¢-08 p-value = 0.0002546
KIRP p-value < 2.2e-16 p-value = 0.0001013
LIHC p-value = 9.975e-07 p-value = 0.001259
LUSC | p-value =0.2229 "not enough 'x'
observations"
THCA | p-value =4.863e-12 p-value = 0.02901
UCEC | p-value =0.00305 p-value = 0.009271

(Note: bolded p-values are significant)
2.5. Motif Analysis results

After generating logos for the miRNAs with a significant GC
content with MEME and inspecting their E-values, we discovered
five significant (E-value<0.05) motifs for upregulated miRNAs in
HNSC, KICH, KIRP, LIHC, and UCEC (Table 3). We also found
one significant logo for BLCA in downregulated miRNAs (data
not shown). There are more GC content-based motifs in
upregulated miRNA sequences compared to downregulated
miRNA sequences, which could be explained by our previous
observation that there is more enriched GC content in upregulated
miRNA sequences.

Table 3: Significant motifs present in upregulated miRNA sequences for selected
cancers

Cancer miRNA IDs E-value Logo

hsa-mir-183
hsa-mir-182
hsa-mir-1296

HNSC 3.6e-002

e e

IARAR R R R R R a2 0 0

hsa-mir-182 9.5¢-003

hsa-mir-1266 2,
hsa-mir-629 s U Aq
hsa-mir-183 ol U

hsa-mir-222
hsa-mir-589

KICH

KIRP hsa-mir-17
hsa-mir-20a
hsa-mir-106b

hsa-mir-93

4.1e-011 | ,

hsa-mir-17
hsa-mir-20a

hsa-mir-106b | 3.3e-002 ] U c A U
hsa-mir-17 £
U
hsa-mir-183 JRVYAVAGVLC

hsa-mir-301a

LIHC 2.7e-002 | .

UCEC

2.6. GC4miRNA RShiny App

We combined all our developed modules into one
application, and we uploaded a variety of resources along with
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individual programs and instructions into a GitHub page
(https://github.com/braydonlu/GC4miRNA), so that it could be
downloaded and run locally.

Module 1 was the customized GC content calculator, which
was made by converting the source code from “Abby’s Amazing
GC Calculator” publicly available in GitHub into a RShiny script.
A screenshot of Module 1 is shown in figure 4.

GC4mIRNA Platform

Phsazmir=106b
UAAAGUGCUGACAGUGCAGAL

. hsa-mir;1266
Instructions: UGUAGAACAGGGCU
1. Upload a fasta file with all mRNA Saquences b3 23

Browse. AGG! CUUGGGCAAUUG
2. Click *Caleulate GC Content

./3 The GC contents are generated in sequental order, based on what sequences appear frstin the FASTA fie

Calculate GC content

Run GC Content calculator

Upload FASTA File (.fa)

*h
42.85 % GC CONTENT

hsa-mir-1266
68.86 % GC CONTENT

hsa-nir-25
57.14 % GC CONTENT

Figure 4. Layout of Module 1 as well as how instructions on how to use

Module 2 can take GC content information to test the
statistical significance between miRNA seed sequences and
whole sequences for each category using a Student’s t-test. A
screenshot for Module 2 is shown in figure 5.

GGC4miRNA Platform

GO Content T-Test Analysis

preTy sam% oo

GC Content T-Test for miRNA Sequences o

Instructions:

Upload CSV Fila

containing calumns onsi L 5p tont, and differential

. Press run Tests
3. Find T-ast results for both UP and DOWN reguiated seauen:es/'cD
4. Examing the p-value to determing whether the difference is significart

Figure 5. Layout of Module 2 as well as how instructions on how to use

Module 3, which we developed, can search through dbDEMC
to find expression data, by using an input list of miRNAs to search
through a dbDEMC dataset. A screenshot for Module 3 is shown
in figure 6.

GC4miRNA Platform

iANA Differential Expression Sear

In this

miRNA Differential Expressio format

Browse.

Upload miRNA Expression Data

Browse 4,11 you wish, you can download this tabie by clicking ‘Dowr

‘/Finemu and Sorted miRNA Expression Data:
& Download Results

\\ Fitarad and Sorted miRNA Exprossion Data:
. s

Figure 6. Layout of Module 3 as well as how instructions on how to use

Module 4 can generate FASTA files used for running motif
detection software. Specifically, it works by reformatting a list
containing miRNA IDs and sequences into FASTA files. The
screenshot for Module 4 is shown in figure 7.
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GC Content Calculator miRNA Differential Expression Categorization

miRNA Differential Expression Categorization

Upload CSV File Instructions:

Browse.. BLCA_Table - Sheet1.cav

Name {0.., BLCA)

5. Input these FASTA files into MEME to find motis,

Preview of Sequences to be Exported:

uuuuuu

Mature_5p_Up 3

Mature_5p_Down 5

Figure 7. Layout of Module 4 as well as how instructions on how to use
3. Discussion

In this study, we developed a RShiny application with several
modules to evaluate GC content within seed sequences of cancer-
associated miRNAs, and to identify significant motifs within
these miRNA sequences. We also utilized a novel method of
normalizing GC content for miRNA seed sequences, so that
sequence length would not bias our results. This allows us to
analyze the relationship between miRNA expression in tumor
cells and the GC content in seed sequences, helping to explain
changes in binding affinity that can lead to gene dysregulation in
cancer.

We used the GC content statistical analysis module to
identify if any miRNA seed sequences would have significantly
more GC content within its seed sequence than the whole
sequence. After normalizing our calculated GC content, we found
that every input list of miRNAs associated with studied cancer
types, except those associated with LUSC, had seed sequences
with a significant (p-value < 0.05) GC content compared to the
rest of the sequence. This is interesting, because for miRNA seed
sequences to have strong binding affinities, they could have high
GC content. According to a previous study [18], high GC content
within miRNA seed sequences has been associated with higher
percentages of seed-pairing targets, and our results suggest that
miRNAs with GC-rich seed sequences are highly important in
regulating multiple gene pathways.

After categorizing most of our miRNAs with the miRNA
differential expression search module, we also found that most
upregulated miRNAs tended to have more significant p-values
than downregulated miRNAs based on the results from Student’s
t-test. This could imply that changes in seed sequences with high
GC content are likely to cause that miRNA to lose some of its
functionality and thus lead to its upregulation to achieve the
normal level of gene regulation.

Additionally, many of these upregulated miRNAs had
significant(E-value<0.05) motifs within its 5p miRNA sequence,
which could indicate these motifs are important to the
functionality of miRNA binding. Alteration of GC content, as
well as conserved motifs, might imply a role in how that miRNA
is expressed within tumor samples [19].
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We have demonstrated that our pipeline is able to conduct
analysis on GC content relating to its effect on regulation of
miRNAs in tumor cells. Through working with an example
dataset of 207 miRNA-gene pairs, we were able to identify some
interesting results for several TCGA cancer types we studied.
KICH had extremely low p-values(<3e”-4) for its Student’s t-test,
and when we used MEME to find motifs, KICH had a significant
motif, with an E-value of 9.5e¢"-3. We further examined the 7-
nucleotide long motif we found by checking TOMTOM [20], and
we found matches to motifs within genes coding for zinc finger
formation in mouse analogs. Some members in the zinc finger
protein family have been found to be important biomarkers in
kidney cancer [21,22].

The gene ontology results for KICH also had consistently low
p-values for each enriched term. In our gene functional analysis,
we determined that two genes, FTCD and MTHFID, were
enriched with terms such as “Histidine Metabolic Processes” and
“Disorders of folate metabolism and transport”. These processes
are crucial in many different types of cells, but can also prolong
the longevity of tumors; upregulation of MTHF'1D in cancer cells
has been associated with worse prognosis for oral squamous cell
cancer patients [23]. We looked at the miRNAs associated with
these two genes and discovered both were targeted by has-miR-
625. A previous study on renal carcinomas specifically examined
the impact of Asa-miR-625-3p, and found that it promoted cell
migration and invasion, and reduced apoptosis [24]. However,
this study did not mention the impact of FTCD and MTHFID in
its gene ontology results. Additionally, has-miR-625 was not
found in the list of miRNAs containing the significant motif for
LIHC, indicating that it might have a different conserved
sequence.

Through our pipeline, we were able to analyze GC content
rich seed sequence motifs that may play important roles in gene
regulation involving oncogene or tumor suppressor pathways. For
future research, we hope to uncover the roles of specific mutations
in disrupting binding patterns, and how the dysregulation of genes
could cause certain cancers. We could apply machine learning
methods to predict the specific effects of miRNA mutations on its
binding affinity by analyzing how these binding patterns impact
both primary sequence recognition and secondary sequence
conformation. This machine learning algorithm could be trained
on trained on experimentally validated miRNA-mRNA
interaction datasets, and its results could be cross-referenced with
publicly available transcriptomics profiles from cancer patient
cohorts. This way, we could potentially identify specific
mutations within seed sequences that are most associated with
dysregulated oncogenic pathways.

We worked with a very limited dataset in this study, so we
believe that our findings could be strengthened through
incorporating more samples. This may be achieved through
studying the International Cancer Genome Consortium
Accelerating Research through Genomic Ontology (ICGC
ARGO) database (http://platform.icgc-argo.org) [25].
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