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Learning outcomes — small RNAseq

1. What are small RNAs

* Their role in the cell and in bodily fluids

2. What is small RNAs transcriptomics

* Methods/technologies
* Experimental design

3. How to analyse small RNA-sequencing data

Research examples
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1. Small RNAs
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What are small RNAs

RNA World

miRNA
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RNA by mass RNA by number of molecules

@ Palazzo & Lee, Front Genet, 2015
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MIRNAS

~ 22 nucleotide in length
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MIiRNA - Leeetal, Cell, 1993
Dicer - Hutvagner et al, Science, 2001

Drosha - Leeetal, Nature, 2003
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RNA-induced silencing complex (RISC)
including the Argonaute protein
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MiRNA function

* The miRNA-RISC complex targets
MRNA for silencing.

* target multiple mRNAs and
multiple miRNAs can target the
same transcript.

* the fine tuning of most protein
products within the cell.

Pichler & Calin, BrJ Cancer 2015
@ ) UiO ¢ University of Oslo
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Medicine Nobel awarded for gene-
regulating ‘microRNAS’

Victor Ambros and Gary Ruvkun identified a class of tiny molecules that have a crucial

releineontrollinggeneexpression, The researchers found that the /in-4 RNA

strand, later called a microRNA, attaches

to a stretch of the /in-14 messenger RNA,

y f preventing the protein from being made
through a process known as translation.

By Ewen Callaway & Katharine Sanderson

For years, the discovery was viewed as a
quirk unigue to roundworms, without
much relevance to other organisms. That
view was shattered in 2000, when
Ruvkun’s team found that miRNAs was
shared by humans, mice and most of the
rest of the animal kingdom-

https://www.nature.com/articles/d41586-024-03212-9
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lsoforms

IsomiRs
AGCUACAGCUGGCUACUGGGU Polymorphic
AGCGACAUCUGGCUACUGGGU isomiRs
GCUACAUCUGGCUACUGGGU
5’ isomiRs AAGCUACAUCUGGCUACUGGGU

CAGCUACAUCUGGCUACUGGGU
AGCUACAUCUGGCUACUGGG
AGCUACAUCUGGCUACUGGGUU | 3’ isomiRs
AGCUACAUCUGGCUACUGGGU :l‘

Canonical MIRNA — AGCUACAUCUGGCUACUGGGU

AAUCAGCAGCUACAUCUGGCUACUGGGUCUCUGAY FremiR
l | sequence
Mature miRNA sequence
derived from miRBase (v18)
TRENDS in Genetics

Variability in Dicer and Drosha processing
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MIRNA expression in cancer

increased

tumorigenesis
r\ tumor
oncogene ——> @nesis |——— suppressor
gene (TSG)
decreased
tumorigenesis
tamor  oncomiR
suppressor
miRNA

Pichler & Calin, Br J Cancer 2015
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DIRNA SRNA cluster

e 26-31 nucleotides in length

* transcribed in clusters

e 5" uridine

* arolein RNA silencing via PIWI
* active in the testes of mammals
* silencing of transposons

* silencing via RISC

 amplified by a ping-ping

Pro—

mechanism 10 AUAAAAAAAAAAAABALLLIAAULIAAGACY
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tRNA fragments

* 76 - 90 nucleotides in length é - ’ Y
e carrying an amino acid to
the ribosome L
. 4 94 4|» v
* Fragmented in halfs (stress
induced) and fragments A

(1/4) (RISC regulation,

epigenetic control,

metabolism, immune activity

and stem cell fate

commltment) Kanai, Life, 2015
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2. Small RNAs transcriptomics
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Study design question and hypothesis

Materials quality and quantity

Lab methods how

Bioinformatics tools and choices

Biostatistics tests

NN N

Presentation interpretation
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Small RNA transcriptomics

Study design

e Study of the the complete set of small RNA transcripts that are
produced by the genome, under specific circumstances or in a specific

cell—using high-throughput methods

 Transcribed as small RNAs
* Processed to small RNA
* Degraded to small RNA

UiO ¢ University of Oslo IN-BIOS 5000/9000
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Experimental design

* Biological question

* Species specific information
e Genome and annotation avail

* Sample variation and quality

* Technology
* Technical variation
* Technical bias

* Depth vs sample size/replica
e Data analyses

@) UiO ¢ University of Oslo
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Lab methods

Small RNA Technologies
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Lab methods

Small RNA transcriptomics

Size selection AGO immunoprecipitation

RISC

Other
Al \ llﬂs 4

miR|
A. Molecular Human B. Molecular  Rat mRNA
bp  Marker  Brain pp  Marker  Testis 1. UV254nm &
622 - 622 - CROSSLINK
0 factors
404 - miR ;

307 -
307 - 249 _ Crosslinked miRNA-mRNA duplex
217 -
3 92— . IMMUNOPRECIPITATION
1 A with antiAGO Ab
— DiRN
190 - (~150 bp)
160 -
147 -
123- 4
110- ~/
90 - Crosslinked miRNA-mRNA duplex
7%- 4
s 3. Gelextraction and  SDS-PAGE
processing for Deep AGO+mRNA
Sequencing "
AGO+mIiRNA

Free RNA

)} UiO: University of Oslo IN-BIOS 5000/9000 Small RNAseq




Lab methods

Small RNA transcriptomics

Read length distribution

* Size selection is not perfect
1e+07 -
e Bias can be introduced
5e+06 -
e Size distribution need to be
checked
0e+00 -
2lO 2l5 3l0 3l5 4l0
length
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Lab methods

Small RNA sequencing — library preparation

miRNA
Total RNA or purified small RNA 5 ST Ty
o MiRNA 3’ Adapter
3’ Adapter Ligation o N NN 3 5 3
‘ 5" Adapter
’ . . 'y /_\-‘/_\_ )
5’ Adapter Ligation > 3
Reverse Transcription 57 37
e
‘ RT primer

PCR Amplification

@

Final Library Cleanup

Magnetic
beads
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UMls in small RNA seq

A

Conventional protocol

adapter ligation
miRNA

5’-ad 3’-ad

e

cDNA synthesis

ligation
bias

ligation bias

5’-ad miRNA 1

3’-ad

mMiRNA 2

miRNA 3

RT-PCR bias

PCR amplification

i - —

Amplification bias

UiO ¢ University of Oslo

RT-PCR + Amplification bias
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Lab methods

5N adapters

s NNN NN
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® 5N (2x) as UMIs

4% = 1,048,576
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different combinations

328
2424

UMI incorporation
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RT-PCR + Amplification
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Bioinformatics

Analyse small RNA sequencing data

Quality
assessment

Trimming

Collapsing read
2 Workflows

Mapping

'

Quantification

Statistics
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Small RNAseq workflow

From Fastq files to small RNA read counts

e Reproducible

e Detect isoforms

* Detect most small RNA classes

e Efficient and can use multiple cores

@) Uio: university of Oslo IN-BIOS 5000/9000

Bioinformatics
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RAW reads
(FASTQ files)

Trimmed reads
(FASTQ files)

Adapter trimming and low
quality read filtering

Tool: fastP v0.26.1

Params: --length_required 17

To trim adaptors and to remove
low quality ends and shorter
reads (<17 bases) to reduce noise
and possible mapping ambiquity

@) UiO: University of Oslo

[ AIlRNAs )

I == I i
\__pﬂje_l'ﬂe__/ Mapping to Parsing to count
human genome tabl
Tool: Bowtie2 and an'es
Collapsed reads ol Tool: HTseq
— Tool: fastx_collapser —» spam too.s —® 0: TSV count files of —
O: FASTA files arams: miRNA, mRNA
Bowtie2: --end-to-end RNA ,IncRNA, (RNA
O: BAM alignment Etc ' '
—_ - files .
| miRNA isoform |
8 pipeline y

Mapping to miRNA genes Parsing to count

Tool: IsoMiRmap , tables ]
O: Text files O: TSV count files of
Params: miRBase isomiRs

_———— —— — — —

/ : ~
I tRNA-derived \

Parsing to count

Mapping to tRNA tables

Differential expression
analysis
Tool: DESeq2 and R statistics

We filtered out the low count transcripts
which have fewer than 10 reads in 20%

b p of the samples.
We used variance stabilizing

transformation by DESeq2 when
necessary.

The control samples in design were
selected by optmaich package.
Significan threshold: p-adjusted < 0.05

l

Functional annotation,

vizualization
Tool: R environment, kegga,
topGO

We aimed to understand
funtional roles of differentially

genes » O: TSV count files of —
Tool: MINTmap tRNA-derived
O: Text files

fragments

https://github.com/sinanugur/sncRNA-workflow
IN-BIOS 5000/9000

expressed RNA transcripts by
using KEGG pathways analyses,
GO categories etc.
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Bioinformatics

Snakemake

* tool to create reproducible and scalable data analyses.
* python based language.
* can be scaled to server, cluster, grid and cloud environments.

Wildcards generalize rules

The input:

Data files, scripts, rule fastqc _ row:

executables or

any other files. input: "datOI{SamDIE}.fOStq.gZ“
output:

The expected output.

It's not required to list all possible outputs. “fq Stqc - ro lU/ {Sa m p I e}_ qutqc. htm|",

Just those that you want to monitor or that

are used by a subsequent step as inputs. "fO Sth - ra w/ {Sa m p I e}_ fGSth.Zip"
shell:™

fastqc -o fastqc_raw {input}

A command to run to process
the input and create the output.

https://snakemake.readthedocs.io/en/stable/

{1} UiO: niversity of Oslo IN-BIOS 5000/9000 Small RNAseq




nf-core/ =
smrnaseq

https://github.com/nf-core/smrnaseq

UiO ¢ University of Oslo

Fast prototyping

Nextflow allows you to write a computational pipeline by making
it simpler to put together many different tasks.

You may reuse your existing scripts and tools and you don't
need to learn a new language or API to start using it.

Portable

Nextflow provides an abstraction layer between your pipeline's
logic and the execution layer, so that it can be executed on
multiple platforms without it changing.

It provides out of the box executors for GridEngine, SLURM,
LSF, PBS, Moab and HTCondor batch schedulers and for
Kubernetes, Amazon AWS, Google Cloud and Microsoft Azure
platforms.

Continuous checkpoints

All the intermediate results produced during the pipeline
execution are automatically tracked.

This allows you to resume its execution, from the last
successfully executed step, no matter what the reason was for
it stopping.

Bioinformatics

Reproducibility

Nextflow supports Docker and Singularity containers
technology.

This, along with the integration of the GitHub code sharing
platform, allows you to write self-contained pipelines, manage
versions and to rapidly reproduce any former configuration.

Unified parallelism

Nextflow is based on the dataflow programming model which
greatly simplifies writing complex distributed pipelines.

Parallelisation is implicitly defined by the processes input and
output declarations. The resulting applications are inherently
parallel and can scale-up or scale-out, transparently, without
having to adapt to a specific platform architecture.

Stream oriented

Nextflow extends the Unix pipes model with a fluent DSL,
allowing you to handle complex stream interactions easily.

It promotes a programming approach, based on functional
composition, that results in resilient and easily reproducible
pipelines.

https://www.nextflow.io/

IN-BIOS 5000/9000
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Bioinformatics

Preprocessing FASTQ files

Quality
assessment

* Quality assessment and trimming is very similar to RNA seq Trimming

* Check read lengths after trimming to assess if the library is

matching your target RNA classes Collapsing read

* Collapsing reads ?

* Many identical sequences — RNAs
e Saves compute time to collaps these
e Add copy number to seqcuence header

{1} UiO: niversity of Oslo IN-BIOS 5000/9000 Srmall RNAseq



Bioinformatics

Mapping and counting

Mapping
* Mapping !
* Mapper and setting must be adapted to short sequences Quantification
* Bowtie2 —in end-to-end mode
* BWA
* Bowtiel

* Reference for mapping

* Whole genome
* RNA database

* MirBase
* Mirgenedb

* Counting
* Featurecount
* HTSeq

@) UiO: University of Oslo IN-BIOS 5000/9000 Small RNAseq




Bioinformatics

Small RNA count data

Statistics

e Similar to mRNA count data

e Each class analysed separatly
* Detection/sequencing bias due to length differences

{1} UiO: niversity of Oslo IN-BIOS 5000/9000 Small RNAseq



Bioinformatics

Read counts

Statistics
A hsa-mir-125b-1
TCCCTGAGACCCTAACTTGTGA 78.9 % of reads
TCCCTGAGACCCTAACTTGTG
TCCCTGAGACCCTAACTTGT
CCTGAGACCCTAACTTGTGA
TCCCTGAGACCCTAACTTGTGAT
ACGGGTTAGGCTCTTGGGAGCT 0.2 % of reads Gene/Sample
ACGGGTTAGGCTCTTGGGAGC
ACGGGTTAGGCTCTTGGGAG
CACGGGTTAGGCTCTTGGGAG
TCCACGGGTTAGGCTCTTGGGA
99.556 % of reads Gene A 5 0 45 101
z
g
g Gene B 17 500 32 67
o
% 0.441 % of reads
°
5 0.002 % of reads 0.019 % of reads 0.001 % of reads
S

_ _ Gene C 752 16432 20020 45078

TTGTTGCGCTCCTCTCAGTCCCTGAGACCCTAACTTGTGATGTTTACCGTTTAAATCCACGGGTTAGGCTCTTGGGAGCTGCGAGTCGTGCTTTTGCATCC
B 5

3 ~ U'U'GW«L 2l0 hsa-mir-125b-1 40
C
c-g-c'u'c G

\

~o-u-co”~c-A-e-gv°~o-o-2'G~A-e-Ao°4»o-0Au-A-A-o-g-L.l-o-u-e'“U‘c.;-u-u-u-A’ L
o060, O AG G CBOC GO B OB CAVVG GEOA C - AAAUL
U

Total 350250 278090 400890 799009

G-V 80 hsa-mir-125b-1* 60

Normalization
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Normalization

e Sequencing depth — library size
* Sequencing length
* Variance across means

{1} UiO: niversity of Oslo IN-BIOS 5000/9000 Srmall RNAseq



Noise for low counts

* Poisson counting error

e Uncertantinty in counting-based meassurements

* Disproportionatly large for low-count data

250
200
200
150
100
50
1 2
0 ———.
Low count High count
@B Uio: University of Oslo IN-BIOS 5000/9000

® Control

B Treatment
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Bioinformatics

Challenges with using count data

Statistics

* Large dynamic range — from zero to millions
* Variance is not equal across range of counts

* Positive integers and non-symmetric distribution — not normally
distributed

negative binomial distribution, n=10, p=5

o
.. S 7 _
Heteroscedasticity 7
100 — . ) _/ 5‘
4‘ - (1]
" = / \
o - -
80 <. ** / \
. A
- * . . . 8 | X
* . " =4
60 — . - e * z z \
- . “
‘-n . - - C -
;w’«o"’,"o"' ' 8 g
40 .~ .tv . <
»
e
-
20 — ad § _
“v“
0 I I I T | g _
0 20 40 60 80 100 s : :
0 5 10 15 20 25 30
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Bioinformatics

Differential gene expression (DE) analyses

Statistics

e Statistically testing if gene expression differ

e Between conditions Independent SampleiI-Test
e With continuous variable

* Wald test — DESeq2 — similar to t-test
* Assumptions: most genes are not DE B

* Null hypothesis: the same aboundances across groups/conditions

UiO ¢ University of Oslo IN-BIOS 5000/9000 Small RNAseq



Bioinformatics

Gene enrichment analyses

Statistics

Target mRNA E i: !
S
ﬁ%@ﬁ

S

https://ccb-compute2.cs.uni-saarland.de/mieaa/
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4. Research examples
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Prediagnostic serum RNA dynamics in lung cancer
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Aims

ldentify circulating ncRNAs as early
detection biomarkers of cancer

@) UiO: University of Oslo IN-BIOS 5000/9000

RNAs that disciminate healthy and
those who will develop lung cancer
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Pre-diagnostic biomarker —> pre-diagnostic samples

* Collected from 1972-2003 pre-diagnostic samples -> old
* Norwegian population samples -> sample quality
* 90 % health surveys -> low volume

* 10% red cross blood donors -> low ncRNA yields

* >300 000 donors -> storage effects

* Linkage to the cancer registry -> sampling over time

° Questionnaries , -> differing protocols
* Smoking

* BMI
* Physical activity ++

JANUS serumbank
Langseth et al, Int J Epidemiol, 2016, Hjerkind et al, Int J Epidemiol, 2017
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Sample quality 2

JANUS serumbank

A miRNA yields in janus serum samples groups

Sample collection Sample Serum T
Group period source processing 40 4
1 1972-1978 HE lodoactetate added § "
2 1979-1986 HE No additives LN
3 1987-2004 HE Separating gel tubes é 1 :
40 1973-1979 RCBD No additives P
4B 1973-1979 RCBD Lyophilization < 7 . |
5 1980-1990 RCEBD No additives = T 1 1 . —
6 1997-2004 RCED No additives = 104
7 2013-2014 Fresh No additives * * + —_— * * +
0 -
i 2 3 4a 4 5 6 7

) UiO: University of Oslo IN-BIOS 5000/9000 Small RNAseBounge et al, CEBP, 2015




NcRNA detection in serum

STEP 1: RNA extraction STEP 2: sncRNA library prep.
- Wiy

7 ; ,f//
2x200 pl serum * NEBNext small RNA
miRNeasy and Trizol Libraries.
Glycogen carrier e 17-47 nt RNA size
RNA internal control
QlAcube

@) UiO: University of Oslo IN-BIOS 5000/9000

D

STEP 3: Sequencing

* Seqguencing on the
lllumina HiSeq 2500

e 12 libraries per lane

 ~ 18 mill sequences per
sample

Small RNAseq



RNASs in serum samples (n=477)

Uniguely-mapped reads

I miRNA

.~ mRNA frag.
misc_RNA

.~ IncRNA

| others

~ piRNA

I tRNA

Percent

?5.-

m- -
11.8%
4.3%

UiO 2 University of Oslo IN-BIOS 5000/9000 Small RNA$égu et al. RNA biol. 2018



miRNA isomiR piRNA tRNA tRF

Expression variation

logyo (SD of expression(rpm))

* Technical vs biological

variation sl
Iog’;,0 (Mean o; expréssion(rpm))
B
* Biological variation ’ —
* Too much e
* Too little e
Serums. Technicalr. Serum s. Technical r. Serum s. Technicalr. Serum s. Technical r. Serum s. Technicalr.
ncRNA variation in 477 serum samples from healthy donors Sinan U Umu

Umu et al, RNA Biol, 2018 §
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miRNA

8-
6- Trait
T
g age
— L
Cg body mass
Q -
— “ blood donor group
9 4 - sex
(@)] v ' '
_? o @ . physical activity
’ 4 | smoking
2-
0-

05 00 05 10 15
log2FoldChange

UiO ¢ University of Oslo IN-BIOS 5000/9000 Small RNA@QH”ge et al, SciRep, 2018




Study design and participants

b4 [Nl

‘ - ) . , Gall Controls
Lung Colorectal  Testicular Prostate Breast Ovaries Endometrium bladder (N=673)
(404/559)  (488/520)  (84/34) (332/450)  (206/395)  (88/100)  (320/320) 55 -y
[ Pre-diagnostiske Janusprgver - lllumina HiSeq 2500, 3500 og 6000

. }
NORWEGIAN SEQUENCING CENTRE

* Janus serum samples donated up to 10 years prior to diagnosis
e Controls:

Free from cancer at least 10 years after blood collection
Frequency matched on age, sex, storage time

* Serial samples in approximately 20% of the patients

Langseth et al, MedRxiv 2021
i) UiO: University of Oslo IN-BIOS 5000/9000 Small RNAseq



A

0-1.4yrs 400 -
A 0-14yrs 15-28yrs 29-42 | Y 1s 71-84yrs 85-10yrs hairpin
' 12 Cas. =27 <L .lsnmlﬁ
—_ 12 e =2 = Con. =135 Z 300 IncRNA
T Con. =135 E E B .miRNH
5 8 Z 8 - 2 200 I miscRNA
e < 3 e B < 2 H [l ena
O 4 l .. 9 4 : . g 100 m I Woirna
0 dr i 0 ﬂr %j s b Z 0 I snoRNA
0 h 4 A J v 0 A S L L 0 =tRF
tRNA
-6 0 b -6 0 6 -6 0 -6 0 6 § - 0 6 -6 0 B a'ﬂh*‘&%%@a'ﬁ_@ﬁ.aﬂﬁﬁﬂjﬂH'EII:I'EIB‘J.':}

Time prior to diagnosis (yrs)

UiO ¢ University of Oslo IN-BIOS 5000/9000 Small RNAseq Umu et al, in prep




Summary

* Large-scale serum ncRNA analyses for biomarker research require
e optimized methods

* knowledge of technical and biological variation
* RNA classes have similar variation

e control for traits and exposome effects,
* Age
* Smoking

* ncRNA signals in pre-diagnostic lung cancer serum samples are highly
dynamic
* Signals appear up to 10 years prior to diagnosis
e Stage and histology specific
* Disrupts proliferation related signalling pathways

{1} UiO: niversity of Oslo IN-BIOS 5000/9000 Srmall RNAseq



Molecular Yo FEBSPRESS

Oncology

A 10-year prediagnostic follow-up study shows that serum
RNA signals are highly dynamic in lung carcinogenesis

Sinan Ugur Umu', Hilde Langseth’, Andreas Keller®®, Eckart Meese®, Aslaug Helland®>%”,
Robert Lyle®® and Trine B. Rounge™™

[

| Prediagnostic serum RNA dynamics in lung cancer

|
2
r 4
-9
3
g
5
=
9
3
g
=

T ot
10 years Lurg cancer
Tine Lo Sagnosis diagnosis
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Small RNAs used in classification

 Machine learning (ML) algorithms can be used for classification
* Differential expression analyses that analyse one RNA at the time

ML can identify “patterns” in the data that can be used to classify a
sample

e Disease or healthy

UiO ¢ University of Oslo IN-BIOS 5000/9000 Small RNAseq



Drug response

Diseased by BMI
Healthy
Classification Regression
Predict Predict
category number/function
Supervised

pre-categorized or
numerical

Gene profile

Cells by by given genes
metabolites expressed
) Dimension
Clustering .
reduction
o it hidden
y similarity dependency

Unsupervised

not labeled

Classical machine learning
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https://vas3k.com/blog/machine_learning/
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Helife

Serum RNAs can predict lung cancer up

to 10 years prior to diagnosis

Sinan U Umu'*, Hilde Langseth'?, Verena Zuber?®, Aslaug Helland®*%,
Robert Lyle®’, Trine B Rounge'®*
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Prediagnostic models

XGBoost (No feature selection) XGBoost (Lasso features) XGBoost (miRNA only)
1.0
0.9 o 0 0
o 0 0
o000 00 ®000 ¢
0.8 o 00
-) o 0o 0 o 90 o 0
= 4 o 0 o888 o ¢ o o
0710 0 0 ¢ © © ¢ oo
$8e0 "0003““30
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0.6
0.5
0.0 2.5 5.0 7.5 10.0 0.0 2.5 5.0 7.5 10.0 0.0 2.5 5.0 7.5 10.0
Time prior to diagnosis (years)
[ ] All ® NSCLC @ 5SCLC
histologies
:;f-:‘ e Life RESEARCH ARTICLE ‘ 8 @

Serum RNAs can predict lung cancer up
to 10 years prior to diagnosis

Sinan U Umu'*, Hilde Langseth'?, Verena Zuber?, Aslaug Helland**5,
Robert Lyle®’, Trine B Rounge™®*

UiO ¢ University of Oslo IN-BIOS 5000/9000 Small RNAseq



Resources

* https://edu.t-bio.info/course/transcriptomics-1/
e https://edu.t-bio.info/course/transcriptomics-2/
* https://edu.t-bio.info/course/transcriptomics-3/
* https://edu.t-bio.info/course/transcriptomics-4/

e https://www.youtube.com/watch?v=WbJ90A2vevk&feature=youtu.be&ab c
hannel=PineBiotech

e https://www.youtube.com/watch?v=UFB993xufUU&ab channel=StatQuestwi
thJoshStarmer

e https://www.youtube.com/watch?v=Gi0JdrxRq5s&ab channel=StatQuestwit
hJoshStarmer

* https://www.youtube.com/watch?v=tlfowYJrwKY&ab channel=StatQuestwith
JoshStarmer
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